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ABSTRACT 
Condit ion m onitoring (CM)  of gearboxes is a necessary act ivit y due to the crucial 
im portance of gearboxes in power t ransm ission in m ost  indust rial applicat ions. There has 
long been pressure to im prove m easuring techniques and develop analyt ical tools for  
early fault  detect ion in gearboxes. 
This thesis develops new gearbox m onitoring m ethods by dem onst rat ing that  operat ing 
param eters (stat ic data)  obtained from  m achine cont rol processes can be used, rather 
than param eters obtained from  vibrat ion and acoust ic m easurem ents. Such a 
developm ent  has im portant  im plicat ions for  the future of CM techniques because it  could 
great ly sim plify the m easurem ent  process. 
To m onitor the gearbox under different  operat ing and fault  condit ions based on the stat ic 
data, three art ificial intelligence (AI )  t echniques:  a general regression neural network 
(GRNN) , a back propagat ion neural network (BPNN) , and an adapt ive neuro- fuzzy 
inference system  (ANFI S)  have been used successfully to capture nonlinear variat ions of 
the elect r ic m otor current  and cont rol param eters such as load set t ings and 
tem peratures.  
The three AI  system s are taught  the expected values of current ;  load and tem perature 
for  the gearbox in a given condit ion, and then m easured values obtained from  the 
gearbox with a known fault  int roduced are assessed by each of the AI  m odels to indicate 
the presence of this abnorm al condit ion. The experim ental results show that  each of 
GRNN, BPNN and ANFI S are adequate and are able to serve as an effect ive tool for 
gearbox condit ion m onitoring and fault  detect ion. 
The m ain cont r ibut ions of this study is to exam ine the perform ance of a m odel based 
condit ion m onitoring approach by using just  operat ing param eters for fault  detect ion in a 
two stage gearbox. A m odel for  current  predict ion is developed using an ANFIS, GRNN 
and BPNN which captures the com plicated inter- relat ions between m easured variables, 
and uses direct  com parison between the m easured and predicted values for  fault  
detect ion.  
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CHAPTER 1 : I NTRODUCTI ON 
This chapter begins by present ing the general background to the research undertaken, 
which includes a brief review of m aintenance st rategies. This is followed by an 
explanat ion of why operat ing param eters obtained from  m achine cont rol processes 
(stat ic data)  can be used for condit ion m onitoring rather than the t radit ional 
m easurem ents of, for  exam ple, surface vibrat ion and airborne sound. Then there is a 
short  descript ion of t he developm ent  of condit ion m onitoring techniques. Next  the 
m ot ivat ion for  the proj ect  is given and finally the obj ect ives, expected cont r ibut ions of 
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1 .1  Background  
Engineering m achinery has high capital cost  so it s cost -efficient  use depends on low 
operat ing and m aintenance costs. Many com panies and consum ers are now aware of the 
im pact  plant  failure has on their investm ents and profitabilit y, and as a result , they are 
increasingly willing to address m aintenance problem s before they becom e serious and 
affect  product ion. Such an approach will help avoid unscheduled downt im e and opt im ise 
m aintenance act ivit ies, effect ively reducing per unit  cost  of product ion.  
As a result  condit ion monitoring (CM)  and diagnosis of m achinery condit ion have becom e 
established indust ry tools [ 1] . CM has becom e increasingly im portant , in m any and 
different  indust r ies due to an increased need for  uninterrupted processing and use of 
equipm ent . CM system s using data collect ion and analysis of param eters which indicate 
m achine condit ion have becom e acceptable and even popular due to their abilit y to 
provide early warning of m achine problem s [ 2] .   
CM is an organized act ivit y, the m onitoring of the condit ion of an item  of m achinery to 
cert ify it s cont inued abilit y to perform  its required funct ion [ 3] . CM plays an im portant  
role in ensuring both the reliabilit y and m inim um -cost  operat ion of indust r ial facilit ies by 
enabling early discovery of m achine faults and allowing suitable act ion to be taken before 
that  fault  causes an unforeseen breakdown and, possibly, a catast rophic accident  [ 4] . CM 
also allows a m achine to be m onitored during it s operat ion and repaired at  planned 
intervals, which helps to achieve econom ical operat ion and reduce possible em issions.  
The CM of high integrit y plants is a difficult  task because it  includes a wide range of 
disciplines, including m echanical, fluid power, elect r ical, elect ronic, system  cont rol, 
com puters, system  m odelling and software engineering. Select ing an appropriate and 
validated CM system  is im portant  to ensure increased m achine availabilit y, perform ance 
and life span, also reduct ion of spare parts inventories and breakdown m aintenance [ 5] . 
Many com panies have been involved in research in this field, to im prove the applicabilit y, 
accuracy and reliabilit y of CM m onitoring services and system s [ 6,7] .  
I n a cont rol system , the output  signal changes according to the cont rol com m and. I t  is 
the m easurem ent  of several param eters related to the elect r ical and m echanical 
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condit ion of the m achinery for exam ple;  surface vibrat ion, acoust ic em ission, 
tem perature, oil pressure, oil debris, voltage, current , conduct ivit y and corrosion which 
m ake it  possible to determ ine whether the m achine is good and healthy. I n addit ion, 
m achinery m odels can be established for sim ulat ing and predict ing the t rend of changing 
param eters [ 8] .  
Effect ive m aintenance com bines both technical and administ rat ive act ions, both are 
necessary to restore a m achine or process to a state in which it  can perform  a required 
funct ion [ 8, 9] . The base of this m ethod is detect ion of fault , severity assessm ent  and 
diagnosis of the fault  [ 10] .  
However, the indicat ive changes in a m achine’s condit ion m ay be so sm all that  they are 
hidden by the noise in the system . Many CM books and journal papers are available and 
m uch indust rial interest  has been expressed both in research and provision of services to 
detect  and analyise these signals [ 11-13] . Current  interest  is to com bine m odern 
t ransducers and signal processing techniques to different iate between noise and 
significant  t rends, to detect  the presence of a fault  at  the earliest  stage and even predict  
likely t im e to failure [ 14] . 
I n sum m ary, CM provides m any advantages, such as:   
• Avoiding unexpected catast rophic breakdowns with expensive or dangerous 
consequences. 
• Reducing m aintenance costs by reducing the num ber of m achine overhauls to a 
m inimum . 
• Elim inat ing unnecessary intervent ion and subsequent  r isk of int roducing faults on 
previously healthy m achines. 
• Reducing the intervent ion t im e and thereby m inim ising product ion loss (as the fault  
to be repaired is known in advance and overhauls can be scheduled when m ost  
convenient  and with parts pre-ordered) .  
• The clear advantages offered by the applicat ion of CM have in recent  years led to the 
developm ent  of a vast  num ber of t echniques for  condit ion m onitoring [ 15-18] . 
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Of course, there are also certain disadvantages of CM such as the cost  of m onitoring 
equipm ent , operat ional process and the consequences of false warnings.  
1 .2  Maintenance St rategies  
The core object ive of investm ent  for private com panies and industr ies is to achieve 
m axim um  profit  from  m inimum  spend on plant  and equipm ent . This m eans increasing 
m achine throughput , reducing m aintenance costs per m achine and prevent ing 
unscheduled delays. Today's plant  investors m ay be fully aware that  m achine 
m aintenance consum es a significant  proport ion of plant  operat ing costs, but  not  
appreciate that  a well- st ructured CM program m e is necessary to m axim ise profit  [ 19-20] . 
However, recent ly, m any com panies and consum ers have becom e m ore aware of the 
im pact  plant  failure has on profit s and, as a result , they are increasingly willing to 
address m aintenance issues. Translat ing this increased understanding into act ion will 
help avoid unscheduled downt im e and opt im ise m aintenance act ivit ies, effect ively 
reducing per unit  cost  of product ion. 
I t  is well known that  equipm ent  fails because som e of it s part s deteriorate and fail. There 
are usually hundreds of com binat ions of causes that  can m ake a single item  of equipm ent  
fail.  Fortunately, these causes can be categorised into a fair ly short  list  [ 20] . 
1. Over-st ressed com ponents. 
2. Physical at tack. 
3. Errors or m istakes. 
4. Poor design choices and-or poor m anufacturing /  assem bly qualit y. 
5. Lack of m aintenance and care. 
6. Unim agined incidents and knock-on effect s.  
Reducing the m aintenance costs can be accom plished by im plem ent ing correct  
m aintenance st rategies. Maintenance can be defined as work undertaken to m aintain (or 
reinstate)  equipm ent  and m achines in a good state of repair. [ 19, 21]  
The object ives of m aintenance act ions are to produce required outputs, m axim ise 
designed life span, abide by safety standards and m inim ise m aintenance costs [ 8] .  
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1 .2 .1  Pre- em pt ive  detect ion and e lim inat ion 
Strategic m aintenance planning using this approach should start  with appropriate design 
choices of plant  and m achinery to reduce the am ount  of m aintenance required. Hence, 
the planning of st rategic m aintenance ought  to start  on the drawing board where the 
design of m achine and equipm ent  determ ines the m aintenance requirem ents. A sim ple 
way to im plem ent  this approach is to consider it  as a series of answers to ‘what - if’ 
quest ions used on each part  of the equipm ent . Depending on the consequence of the 
effect s, one would put  into place suitable design features to reduce the im pact  of failure 
[ 19, 20] .  
Pre-em pt ive m aintenance st rategies are the least  expensive way to reduce m aintenance!  
Their beauty and wonder is that  they are an equipm ent  lifet im e st rategy that  brings 
cont inual bet ter operat ion for the equipm ent ’s ent ire operat ing life. The results of using a 
pre-em pt ive detect ion and elim inat ion m aintenance st rategy are that  expected failures 
from  such equipm ent  do not  happen [ 19-20] . 
1 .2 .2  Qualit y control and assurance 
This st rategy is based on the appropriate and accurate cont rol of m anufacture and 
assem bly so that  m achine and equipm ent  are built  exact ly as designed. This type of 
st rategy involves t racking a specific, writ ten set  of steps and rules on how the work 
should be done. Operat ing equipm ent  that  is accurately and properly assem bled using 
the r ight  com ponents has longer intervals between repairs, as a result  it  will have a 
longer m ean t im e between failures (MTBF) . The results of adopt ing this form  of st rategic 
m aintenance can be seen im m ediately through the elim inat ion of m istakes in the design 
and assem bly of the equipm ent  [ 19-20] . 
1 .2 .3  Preventat ive m aintenance 
The preventat ive m aintenance (PM)  st rategy specifies the m aintenance tasks ( repairs,  
servicing, or com ponent  replacem ent )  t o be carried out  at  set  t im e intervals (or  duty 
cycles) ,  in order t o prevent  equipm ent  breakdown [ 22-23] . A planned m aintenance 
st rategy can lead to savings in m aintenance cost  when com pared to breakdown 
m aintenance [ 19-20] . 
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A PM st rategy can be divided into two form s. 
•  The first  form  is known as the inspect ion and observat ion approach and involves 
inspect ing and assesses the condit ion of equipm ent  and it s parts for signs of age and 
wear, and that  includes the regular base services. I f evidence of potent ial failure is 
found, the dam aged part  is replaced im m ediately or  at  the earliest  convenient  t im e 
before breakage can occur [ 20] . I t  is not ,  however, an efficient  use of m aintenance 
resources as work is undertaken regardless of the condit ion of the m achinery, whether 
needed or not  [ 19,20] .  
•  The second form  is known as shutdown overhaul m aintenance, and involves 
intervent ion and replacem ent  of a part  at  a certain age, based on experience of the 
degradat ion of that  part . The replacem ent  is fixed on a set  interval shorter than the 
MTBF. Typically such tasks are undertaken as an overhaul where the whole of the 
equipm ent  is rem oved from  operat ion during a shutdown and taken to a workshop to be 
st r ipped down to it s com ponent  part s, and rebuilt  as new [ 20] .  
1 .2 .4  Predict ive  m aintenance 
 Predict ive m aintenance is a very powerful m aintenance st rategy which is based on 
m onitoring the health of m achinery during norm al daily operat ions, looking for evidence 
of changed condit ions within the m achine. I t  starts by com paring the m easured updated 
m achine param eters against  the norm , and then determ ining whether a m aintenance 
intervent ion is required. I f it  is possible to detect  early onset  of failure then it  is often 
possible to m anage the equipm ent  carefully and cont inue operat ion unt il a replacem ent  is 
actually needed. 
Using this m aintenance st rategy and detect ing faults long before problem s are 
pronounced can give t im e to plan m aintenance schedules. This m ethod can offer 
significant  financial benefit s because it  reduces the m aintenance cost  of equipm ent  
operat ion [ 24] . Predict ive m aintenance technique include the use of vibrat ion m onitoring, 
oil debris analysis, therm ography, and ult rasonic analysis to detect  a change, and 
m easure the rate of change, so that  the equipm ent ’s cont inuing perform ance can be 
predicted [ 20] .  
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1 .2 .5  Breakdow n m aintenance 
I n this m aintenance st rategy, m aintenance takes place only when the m achine fails. No 
predeterm ined act ion is taken to prevent  failure and the em phasis is given to correct ive 
m aintenance such as the repair or replacem ent  of the failed com ponents [ 24] . This is the 
m ost  cost ly of m aintenance st rategies when applied to crit ical equipm ent  [ 25] . I n 
general, run- to- failure m aintenance is appropriate when the following situat ions exist  
[ 22] . 
1. The equipm ent  is redundant  
2. Low cost  spares are available 
3. The process is interrupt ible or there is stockpiled product  
4. All known failure m odes are safe 
5. There is a known long m ean t im e to failure (MTTF)  or a long MTBF 
6. There is a low cost  associated with secondary dam age 
7. Quick repair or replacem ent  is possible. 
1 .2 .6  Condit ion based m aintenance ( CBM)  
With this st rategy, prevent ive m aintenance is carried out  based on knowledge of the 
condit ion of a m achine or process instead of a predeterm ined plan or schedule. I deally 
this m aintenance is able to exploit  the m aximum  running t im e of a m achine or process 
and yet  keep the m aintenance cost  to a m inimum . The key to CBM is knowledge of the 
condit ion of the m achine. This can be obtained by em ploying various m onitoring 
techniques that  const itute the so-called “condit ion m onitoring”  which will be discussed in 
detail in the following sect ion. 
Other m aintenance st rategies include autom at ic m aintenance, running m aintenance, 
cont rolled m aintenance, off- line m aintenance and rem ote m aintenance. They all m ay be 
em ployed in specific situat ions. Although this involves the interact ion of various 
departm ents the condit ion is the predom inant  factor in scheduling appropriate 
m aintenance act ions. [ 8]   
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1 .3  Condit ion Monitor ing Using Vibrat ion Analysis 
Considerable effort  has been spent  developing reliable m ethods for gear fault  detect ion. 
Techniques which have been proven successful include analysis of lubricat ing oil, the 
acoust ic signal generated by the gearbox when in operat ion, tem perature and 
perform ance m onitoring, elect r ical m otor current  analysis, angular speed of crank and 
drive shafts and, m ost  popular today, vibrat ion analysis. 
Unfortunately, no one technique is able to detect  all m achine faults. However, it  has been 
suggested that  vibrat ion m easurem ent , which is the m ost  widely used CM technique in 
indust ry, can accurately ident ify 90%  of all m achinery failures by the change in vibrat ion 
signals which they produce and the level of signal can give an accurate predict ion of 
future failure [ 26] .  
1 .4  Advantages of Using Operat ing Param eters Obtained from  Machine Cont rol 
Processes Over  Tradit ional Measurem ents? 
Convent ional CM techniques invariably need addit ional equipm ent  such as data 
acquisit ion, sensors, and data processing system s which are expensive and com plicated. 
Alternat ively, m odern m achine cont rol processes provide several different  data accessible 
for  m achine cont rol and which m ight  be used for CM and which need to be explored. 
These param eters are readily available in m ost  indust r ial applicat ions and do not  requires 
specialist  sensor and/ or external sensor installat ion. I f these param eters could be used 
for CM this would substant ially reduce the cost  of the process while m aking it  
substant ially easier to im plem ent  in indust r ial environm ents. 
I f these param eters could be used for  CM a definite advantage would be parallel st ream s 
of date providing a r ich set  of inform at ion for  CM and fault  diagnosis. Furtherm ore, 
cont rol param eter based m onitoring can be im plem ented using rem ote m onitoring well 
away from  the m achines. I t  would be unnecessary to have direct  access to the m achine 
being diagnosed, there would be no need to access the m achine to fix , e.g. m echanical 
sensors for gathering data. This would be a part icularly useful m ethod for inaccessible 
areas. Such an approach would also overcom e the problem s associated with with sensor 
‘poisoning’ or contam inat ion and changes in sensor sensit ivit y due to prolonged exposure 
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to harm ful m aterials [ 27] . Therefore, there would be definite disadvantages of using 
m echanical sensors:  
1. Sensors often operate in a noisy environm ent  and m ay be adversely affected by it ;  
2. The different  sources m ay interfere;  
3. Transducers m ay not  fit  easily into the space available;  
4. The inst rum entat ion and t ransducers will usually require special arrangem ents and 
special handling;  
5. Data collected will,  to a certain extent ,  be dependent  on the posit ion of the 
t ransducer. 
1 .5  Histor ical Developm ent  of CM Techniques 
Various effect ive CM techniques have been developed for m achine m onitoring and fault  
diagnosis, these include;  visual inspect ion, elect r ical, therm al and vibrat ion m onitoring 
[ 1] . These techniques m ainly focus on ext ract ing pert inent  signals or features from  
m easured equipm ent  health param eters. However, the related yet  m ore im portant  
problem  is what  m ethods to use to analyse the inform at ion obtained? 
Various t radit ional m ethods have been used to process and analyse this inform at ion. 
These techniques include convent ional com putat ion m ethods, such as sim ple threshold 
m ethods, system  ident ificat ion and stat ist ical m ethods. The m ain shortcom ing of these 
techniques is that  they require a skilled specialist  to m ake the diagnosis. This 
short com ing has led to the use of com putat ional intelligence techniques for CM. The 
value of art ificial intelligence (AI )  can be understood by com paring it  with natural hum an 
intelligence as follows [ 28] . 
•  AI  is m ore perm anent , natural intelligence is perishable from  a com m ercial standpoint  
since specialists leave their place of em ploym ent  or forget  inform at ion. AI , however, is 
perm anent  as long as the com puter system s and program s rem ain unchanged. 
•  AI  offers ease of duplicat ion and dissem inat ion. Transferr ing knowledge from  one 
person to another usually requires a long process of apprent iceship;  even so, expert ise 
can never be duplicated com pletely. 
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•  AI  being a com puter technology is consistent  and thorough. Natural intelligence is 
errat ic because people are unpredictable, they do not  perform  consistent ly. 
•  AI  can be docum ented. Decisions or conclusions m ade by a com puter system  can be 
m ore easily docum ented by t racing the act ivit ies of the system . Natural intelligence is 
difficult  to reproduce, for  exam ple, a person m ay reach a conclusion but  at  som e later 
date m ay be unable to re-create the reasoning process that  led to that  conclusion or to 
even recall the assum pt ion that  were a part  of t he decision.  
Various com putat ional intelligence techniques such as neural networks, support  vector 
m achines, have been applied extensively t o the problem  of CM. However, m any 
com putat ional intelligence based m ethods for  fault  diagnosis rely heavily on having an 
adequate and representat ive set  of t raining data. I n real- life applicat ions it  is often 
com m on that  the available data set  is incom plete, inaccurate and changing. I t  is also 
often com m on that  the t raining data set  becom es available only in sm all batches and that  
som e new classes only appear in subsequent  data collect ion stages. Hence, there is a 
need to update the classifier in an increm ental fashion without  com prom ising on the 
classificat ion perform ance of previous data. Due to the com plex nature of online CM, it  
has been accepted that  the software m odule such as intelligent  agents can be used to 
prom ote extensibilit y and m odularit y of the system  [ 29] .  
1 .6  Research Mot ivat ion  
Several of research has been carried out  into the condit ion m onitoring of gearboxes, but  
it  is a fact  that  gearbox m onitoring m ethods using the operat ing param eters obtained 
from  m achine cont rol processes rather than the t radit ional m easurem ents such as 
vibrat ion and acoust ics has not  been studied. 
This research focuses on developing a new sensor- less m ethod to exam ine a broken 
tooth fault  with two levels of m agnitude of a gearbox t ransm ission system  based on the 
param eters learned from  cont rol system s and to dem onst rate that  the AI  m ethods could 
detect  a fault  and could be usefully used to discern the different  levels of that  fault . The 
cont rol data, which are available in m ost  m achines, including arm ature current , speed 
dem and, load set  point , torque feedback m otor current , and speed feedback. The use of 
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these param eters for  CM and fault  detect ion has been explored using a gearbox test  
system . 
The m ot ivat ion for  this research is to develop an intelligent  system  for m achine fault  
detect ion and condit ion prognosis based on the use of signal obtain from  a cont roller 
analysed using AI  techniques. 
1 .7  Research Object ives  
The aim  of this study is to develop gearbox m onitoring m ethods using the operat ing 
param eters ( stat ic dataset )  obtained from  m achine cont rol processes rather than the 
t radit ional m easurem ents such as vibrat ion and acoust ics. The research will incorporate 
knowledge obtained from  both m echanical engineering and com put ing science.  
The m ain object ives of t his study are as follows:   
Object ive one: To present  and discuss m achine condit ion m onitoring and it s applicat ion 
to a gearbox.  
Object ive tw o: To illust rate the fundam entals of a two stage helical gear t ransm ission, 
including gear types and com ponents, their failure m odes and m ethods of m onitoring. 
Object ive  three: To review different  t echniques being used for fault  detect ion and 
diagnosis in gearbox condit ion m onitoring using vibrat ion signals and various art ificial 
intelligence based m ethods.  
Object ive  four: To develop experim ental procedures for CM of a two stage helical gear 
t ransm ission system  focusing on a faulty gear (pinion)  in the first  stage gear 
t ransm ission system . 
Object ive f ive: To exam ine the perform ance of a m odel based condit ion m onitoring 
approach by using just  operat ing param eters for fault  detect ion in a two stage gearbox.  
Object ive  six: To develop the m odel by apply different  AI  t echniques such as a general 
regression neural network (GRNN) , a back propagat ion neural network (BPNN) , and an 
adapt ive neuro- fuzzy inference system  (ANFIS )  to capture the com plicated connect ions 
between m easured variables.  
Object ive  seven: t o carry out  a com parat ive study of three m ethods (GRNN, 
BPNN.ANFIS)  to appraise the accuracy of these AI  m ethods. 
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Object ive  eight : To provide useful inform at ion to guide future research in this field. 
1 .8  Thesis contr ibut ion 
The m ain cont r ibut ions of this study can be stated as follows:  
• I t  develops gearbox m onitoring m ethods using the operat ing param eters obtained 
from  m achine cont rol processes rather than the t radit ional m easurem ents such as 
vibrat ion and acoust ics. 
• This research exam ines the perform ance of a m odel based condit ion m onitoring 
approach by using just  operat ing param eters for  fault  detect ion in a two stage 
gearbox.  
• A m odel for current  predict ion is developed using an ANFIS, GRNN and BPNN which 
captures the com plicated connect ions between m easured variables for using a direct  
com parison between the m easured and predicted values for fault  detect ion.  
• The author has suggested a novel schem e for m achine fault  detect ion which ut ilizes 
cont rol param eters from  em bedded sensors and available in m ost  indust rial 
applicat ions. An underpinning technique has been developed and successfully tested. 
I t  has the potent ial to achieve cost  effect ive m onitoring system  because it  is 
available in m ost  system s. 
1 .9  Tool and Approaches  
I n order to achieve the object ives of this study, the following m ethods have been used:   
• The data were collected for the three gear sets:  Gear07, Gear08 and Gear09, which 
were all collected under the sam e gear operat ing condit ions. Gear08 and Gear09 
were induced with 50%  and 75%  tooth breakage respect ively. Gear07 healthy gear 
is taken as the baseline for  m odel developm ent .  
• Acquire the operat ing param eters obtained from  m achine cont rol processes as stat ic 
data. 
• Exam ine the perform ance of a m odel based condit ion m onitoring approach for fault  
detect ion in a two stage gearbox.  
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• Applying AI  techniques involving GRNN, BPNN, and ANFIS to dem onst rate that  the AI  
m ethods could detect  a fault  and could be usefully used to discern the different  
levels of that  fault   
• Carrying out  a com parat ive study to appraise the accuracy of these m ethods. 


























Figure 1 .1  Fram ew orks for gear fault  detect ion 
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1 .1 0  Organizat ion of thesis   
This thesis is organised in nine chapters descr ibing the work that  was done to achieve 
the aim s and object ives of this study. This thesis is laid out  as follows:  
Chapter  2 : Gearbox Transm ission System s, their faults and condit ion m onitoring. 
This chapter provides a brief descript ion of general condit ion m onitoring techniques 
followed by a review of the different  t echniques being used for fault  detect ion in gearbox 
condit ion m onitoring and various art ificial intelligence based m ethods. Finally, overview 
of gear types and their operat ion are given and a brief explanat ion of why gears fail,  and 
gear failure m odes is given. 
Chapter  3 : Background Knowledge. 
This chapter covers the theory underlying the im plem entat ion of techniques that  will be 
used later in this thesis. A theory on how to apply m odel-based diagnosis is covered. 
Furtherm ore, this chapter dem onst rates the use of residuals in fault  detect ion and 
diagnosis. The art ificial intelligent  (AI )  m ethods are int roduced in this chapter. Then, 
Art ificial Neural Network (ANN)  including General Regression Neural Network (GRNN)  and 
Back Propagat ion Neural Network (BPNN)  are int roduced. The reasons for using the 
chosen m odelling technique are discussed. Finally, the Adapt ive Neuro-Fuzzy Inference 
System  (ANFIS)  and fuzzy logic are described.  
Chapter  4 : Describes the test  r ig facilit y and fault  sim ulat ion.  
This chapter addresses the facilit ies and fault  sim ulat ion for the experim ental study of 
the gearbox. I t  starts by describing the test  r ig com ponents and cont rol system s. I t  then 
briefly explains how the local fault  was sim ulated and how the data was collected. Finally, 
it  describes the load m echanism  used in the test  r ig. 
Chapter  5 : Condit ion Monitoring Using Datasets from  a Gearbox Rig. 
This chapter presents a literature review of signal processing techniques which are used 
to m onitor the condit ion of geared t ransm ission system s based on vibrat ion signals. Then 
discusses the dynam ic and stat ic datasets collected from  the gearbox test  r ig. As the r ig 
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has a typical drive system , the datasets are considered representat ive for  CM pract ices. 
Dynam ic dataset  were analysed to diagnose the condit ion of the gear:  healthy and faulty, 
using convent ional signal processing techniques such as t im e dom ain and frequency 
dom ain analysis.  
The stat ic data was also analyzed by com parison to evaluate the detect ion perform ances. 
This procedure of data collect ion and analysis allowed gaining a full understanding of CM 
datasets and paved the way for  developing a m ore effect ive AI  approach and efficient  
database.  
Chapter 6 : Model Based Method for Gearbox Fault  Detect ion Using Motor Operat ing 
Param eters and General Regression Neural Network. 
This chapter exam ines the perform ance of a m odel based m ethod by applying it  to the 
detect ion of one fault  at  three levels in a gearbox dataset . The m odel is developed using 
a GRNN to capture the com plicated connect ions between m easured variables.  
Chapter  7 : Gearbox Fault  Detect ion using Stat ic Data and Back Propagat ion Neural 
Network. 
This chapter exam ines the perform ance of a BPNN m odel by applying it  to the detect ion 
of one fault  at  three levels in a gearbox dataset .  The m odel is developed using Neural 
Networks (NNs)  t o capture connect ions between m easured variables. 
Chapter  8 : Gearbox Fault  Detect ion using Stat ic Data and an Adapt ive Neuro-Fuzzy 
Inference System . 
This chapter develops gearbox m onitoring m ethods using the operat ing param eters 
obtained from  m achine cont rol processes. To m onitor the gearbox condit ions, an 
adapt ive neuro- fuzzy inference system  (ANFIS)  is used to capture the nonlinear 
connect ions between the elect r ical m otor current  and cont rol param eters such as load 
set t ings and tem peratures. The predicted values generated by the ANFIS m odel are then 
com pared with the m easured values to indicate the presence of an abnorm al condit ion in 
gearbox. 
Chapter  9 : Conclusion and Suggest ions for Future Work. 
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This chapter sum m arises the achievem ents of the research and explains how the 
object ives were m et .  I t  includes a sum m ary of the author's cont r ibut ion to knowledge 
and the novel aspects of the research work. The key results of the research work on the 
condit ion m onitoring of the helical gearbox using AI  with the aid of operator param eter 
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CHAPTER 2 : GEARBOX TRANSMI SSI ON SYSTEMS, THEI R FAULTS AND 
CONDI TI ON MONI TORI NG 
This chapter provides a brief descript ion of general condit ion m onitoring techniques 
followed by a review of the different  t echniques being used for fault  detect ion in gearbox 
condit ion m onitoring and various art ificial intelligence based m ethods. Finally, Gear 
overview t ypes and their operat ion given and a brief explanat ion of why gears fail,  and 
gear failure m odes are given. 
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2 .1  Overview  of Condit ion Monitoring  
I n t oday's indust ry there are m any sources of inform at ion on m achine health available to 
an organizat ion's m aintenance and operat ions personnel. The m ost  com m only used 
sources of inform at ion are scheduled inspect ion of m achinery and m achinery condit ion 
m onitoring. CM is defined as the use of technology to assess the condit ion of a m achine's 
health and, potent ially, predict  when failure will occur. I t  should be applied only where 
the detect ion m ethods are reliable and the cost  of m onitoring is a fract ion of the plant  
reliabilit y benefit  [ 30] .  
The m ain principles of CM of m achinery are to ident ify physical characterist ics that  
indicate the current  condit ion of the m achine, and to use these m easures to ident ify 
changes in the condit ion of a m achine that  m ay indicate and ident ify potent ial failure. CM 
is m ost  frequent ly used as a predict ive or condit ion-based m aintenance technique. 
However, there are other predict ive m aintenance techniques that  can also be used, 
including the use of the hum an senses ( look, listen, feel and sm ell)  [ 31] . 
2 .2  General condit ion m onitor ing techniques 
Modern CM techniques include advanced com puterised signal processing and data 
acquisit ion system s that  have m ade m onitoring and diagnost ic system s accessible to all 
indust r ial product ion processes. These techniques are used to detect , diagnose and 
localise faulty operat ing condit ions at  an early stage in order t o prevent  system  failure, 
and allow predict ive and condit ion oriented m aintenance [ 32] .  
The opt im um  m ethod for CM depends deeply on the kind of processes, or  m achines being 
m onitored and the m aintenance services targets. Hum an sense inspect ion, for exam ple, 
could be sufficient  to assess the health of an elect r ical or  m echanical process when near 
to break down;  on the other hand an advanced CM approach m ay be required for a m ore 
sophist icated course of act ion. The select ion of CM techniques should take into account  
both the m onitoring object ives and costs. Som e of the m ost  com m only used m achines 
and processes for  CM m ethods in today’s industry are discussed in the following sect ions 
[ 32] . 
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2 .2 .1  Visual inspect ion 
Visual inspect ion is one of the m ost  basic form s of CM, a very sim ple technique which 
m akes the use of all the hum an senses, not  j ust  sight , to m onitor  a m achine. Not  only 
does the person inspect ing the m achine observe, she/ he also listens to and touches the 
m achine. The m ethod is sim ply to listen for a change in the m achine noise or,  by placing 
a hand onto the casing detect  a change in the tem perature or vibrat ion level. Visual 
inspect ion offers a flexible and instant  assessm ent  of the health condit ion of a m achine, 
but  requires experience and personal skill.  I ndeed, a significant  disadvantage of this 
m ethod is that  different  conclusions m ay be deduced by different  inspectors for the sam e 
m achine due to their individual skills and exper iences [ 33] .  
The cost  of visual inspect ion is relat ively low com pared with alternat ive CM m ethods. As 
portable m achines becom e m ore powerful this technique has im proved and been m ade 
m ore object ive. The technique now uses a range of tools including sim ple m agnifying 
glasses or low power m icroscopes, to st roboscopes, hand-held vibrat ion pick-ups and 
infrared cam eras and endoscopes. Visual inspect ion has been found part icularly useful for 
detect ion of cracks, corrosion, leakage, and sub-surface defects [ 33] .  
2 .2 .2  Trend m onitor ing 
This m onitoring technique involves repeated m easurem ents of a param eter such as 
pressure, tem perature, torque, noise, elect r ical current , etc.  to detect  the changing 
characterist ics of a m achine. During the period of the final life phase of rotat ing m achines 
and equipm ent , the system  condit ion will deteriorate far from  its norm al operat ing 
condit ion and faults can occur at  alm ost  any t im e. One significant  m aintenance st rategy 
goal is to extend the m achine's final period life and requires the collect ion of accurate 
data .Typically, the m easured data is recorded and plot ted on a graph as a funct ion of 
t im e, to be com pared with another set  of m easurem ents collected as representat ive of 
acceptable or norm al m achine operat ion. Differences between the two are used to 
ident ify if there is any m achine abnorm alit y, to diagnose any fault  and assess whether or 
not  correct ive m easures have to be taken. However,  failure of an elect ronic com ponent  in 
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the m onitoring system , for instance, could produce false readings using this type of 
m onitoring technique [ 34, 35] .  
2 .2 .3  Vibrat ion m onitoring 
Vibrat ion m onitoring represents a widely used CM technique applied to indust r ial 
m achinery. Although vibrat ion analysis has been widely used for online m onitoring for 
rotary m achine such as bearings, gearboxes, gas turbines, etc  [ 36, 37] . 
Vibrat ion of equipm ent  is detected by m eans of an accelerom eter, which norm ally 
consists of three part s:  the sensing elem ent , the t ransducer body and a seism ic m ass 
[ 38] . There are several reasons for  the wide use of vibrat ion m onitoring and one is that  
alm ost  every m achine or process will produce vibrat ion in one form  or another while in 
operat ion. Another reason is that  the vibrat ion m echanism s of m ost  m achinery and 
st ructures are theoret ically understood m aking it  possible to predict  the characterist ics of 
vibrat ion responses due to these faults. A third reason is the reliable perform ance of 
vibrat ion inst rum entat ion such as wide band t ransducers and portable analysers. 
Also the developm ent  of vibrat ion signal processing m ethods and com put ing facilit ies 
cont r ibute to it s wide applicat ions. 
The difficult ies with this m onitoring technique m ay stem  from  the com binat ion of 
different  vibrat ion sources and noise, the presence of non- linear, non-stat ionary 
phenom ena and the influences of t ransm ission paths [ 39] .  However, Vibrat ion 
m onitoring is not  suitable for all-purpose condit ion m onitoring as it  m ainly provides 
vibrat ion related inform at ion. Certain types of faults such as wear m ay not  produce 
significant  change in vibrat ion. Nevertheless, v ibrat ion condit ion m onitoring has evolved 
as the predom inant  and m ost  cost -effect ive technique. 
2 .2 .4  Perform ance m onitoring 
Any m achine or process is designed to give or perform  certain funct ions. I n this 
m onitoring technique, t he m ain aim  is to insure that  the concerned m achine perform s the 
required funct ions such as:  convert ing energy from  one form  to another, generat ing 
power output  and producing qualit y products as illust rated in Figure 2.1 [ 40] .  
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Figure 2 .1  Perform ance m onitoring param eters 
The condit ion of a m achine or a com ponent  can be indicated by the inform at ion obtained 
from  Perform ance m onitoring. For exam ple, t ool wear m ay result  in an increase of 
product  dim ensions and so by checking the product  qualit y, the extent  of tool wear can 
be cont rolled. This technique em ploys a variety of t ransducers to detect  changes in load, 
pressure, speed, power, flow, and tem perature [ 39] . I t  is a steady state m onitoring 
technique and it s problem  is that  it s feedback inform at ion m ay not  be provided on t im e 
or well enough in advance before the fault  occurs. I t  also requires highly accurate 
t ransducers in order t o determ ine outputs. 
2 .2 .5  Acoust ic m onitoring 
Acoust ic based CM of m achines has been around for  m any years. Machines when 
operat ing create vibrat ion and generate noise, and this technique analyses the acoust ic 
and/ or noise signals generated. Generally, m icrophones pick up the acoust ic signals to be 
analysed, and the relevant  m onitoring inform at ion about  the health of the m achine is 
ext racted. Acoust ic analysis has long been a recognised technique of non-dest ruct ive 
test ing. Non- int rusive data collect ion using, cheap, easy to m ount  and sensit ive 
m icrophones is an at t ract ive opt ion for  online CM, including gearboxes, bearings, tools 
and engines [ 34, 41] . Laboratory results have shown that  acoust ic m onitoring can be 
part icularly useful for the CM of gearboxes [ 42] .  
Acoust ic m onitoring has it s own advantages especially when the problem  of noise is 
under invest igat ion;  this technique provides a m ore direct  explanat ion of noise sources 
and generat ion m echanism s. However, the influence of the acoust ic environm ent  
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definitely plays an im portant  part  in condit ion m onitoring of m achines, one of the m ain 
problem s being the contam inat ion of acoust ic signals by background noise. These include 
influences such as interference from  related sound sources ( the driving m otor,  loading 
generator and cooling fan)  and reflect ing surfaces [ 42] .  
2 .3  Gear  overview  types and their  operat ion 
Gears have been used as a m ean of power t ransm ission for  a very long t im e. Their 
funct ion is to accom plish a change of speed, usually rotat ional. Gearboxes, essent ially, 
consist  of a set , or sets, of gears m ounted on shafts and supported by bearings. The 
ent ire system  is enclosed and supported within housing, com plete with lubricat ion.         
A power source such as an elect r ic m otor drives the gearbox input  shaft , norm ally at  a 
relat ively high speed. The gears inside the gearbox t ransm it  a reduced speed to the 
output  shaft .  When the speed is reduced, there is generally an increase in output  t orque 
[ 102] .Gears, in general, operate in groups of two, or m ore, with the teeth of one 
engaging the teeth of another and, thereby, t ransm it t ing power without  slippage. When 
the teeth of two gears are m eshed, turning one gear will cause the other t o rotate;  such 
an arrangem ent  allows the speed and direct ion of rotat ion to be changed. The gear with 
the fewer t eeth is called the pinion. The speed of rotat ion is increased when the gear 
drives the pinion, and reduced when the pinion drives the gear. 
The speed reduct ion rat io of the arrangem ent  is the rat io:  (num ber of pinion teeth) /  
(num ber of gear t eeth) . 
2 .3 .1  Helica l and spur  gears 
As with m ost  power t ransm ission products, gears com e in a wide variety of shapes and 
sizes to suit  different  operat ional funct ions:  spur and helical are am ong the m ost  used in 
today’s indust ry. 
Spur gears,  have st raight  cut  teeth that  run parallel to the shaft  driving the gear, see 
Figure 2.2, and are only suitable when the input  and output  shafts run parallel to each 
Other. Spur gears are best  suited for m oderate speed applicat ions since, during 
engagem ent  and disengagem ent ,  spur gears m esh with a rolling and sliding m ot ion 
which often causes excessive wear on the gear teeth. Spur gears offer the advantage of 
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producing no axial thrust , and this feature, along with their lower costs, has m ade them 
very widely used in general m achine applicat ions. Unfortunately, this type of gear 
produces audible noise which m ay becom e object ionable at  high speeds [ 102-103] . 
 
Figure 2 .2  Spur gear  
Helical gears ,Figure 2.3, differ from  spur gears because their t eeth are skewed at  an 
angle to the axis of the shaft , the helix angle, which can be from  a few degrees up to 450 
(higher angles tend to reduce load capacit ies) . Hence, t eeth enter t he m eshing zone 
sm oothly and progressively, and m esh with less vibrat ion and less noise than spur gears. 
The contact  line of the m eshing teeth progresses diagonally across the face from  the t ip 
at  one end to the root  at  the other reducing vibrat ion and noise [ 103] . I n addit ion, the 
helix angle creates an extended length of contact  line, which results in a higher tooth 
contact  rat io and the load is thus dist r ibuted over a greater area. A helical gear can 
t ransm it  m ore torque because it  has greater tooth st rength due to the helical wrap 
around, and m ore teeth being engaged (4-5) ,  both factors help it  to carry m ore load than 
spur gears of the sam e size [ 102, 104] .  Helical gears can be m anufactured in both r ight  
and left -handed configurat ions to t ransm it  m ot ion and power.  
Due to their angular cut , teeth m eshing results in thrust  loads along the gear shaft . The 
higher the helix angle, the greater the thrust  produced. This m ust  be taken into 
considerat ion when choosing support ing bearings for the shaft  and requires thrust  
bearings to absorb the thrust  load and m aintain gear alignm ent ;  also the longer the 
surface of contact  the less the efficiency of a helical gear relat ive to a spur gear [ 103] .  
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The load over helical gears is t ransferred by a sliding rather than chopping act ion, which 
gives quieter running than spur gears, a bet ter wear rate, and m ay carry a heavier load 
than spur gears. They are also capable of t ransferr ing power between shafts that  run at  
an angle to each other.  By m eshing two gears of different  diam eters, a variat ion in both 
speed and torque between the two shafts is obtained. Pinion and gear have different  
rotat ional periods, though they both share the sam e tooth m eshing frequency [ 105] . 
Helical gear units offer  reduct ion rat ios in the range of 3: 500, with the higher rat ios 
being achieved by use of m ult iple stages in the gearbox [ 106] .  
 
 
Figure 2 .3  Helica l gear 
2 .3 .2  Gearbox fa ilures 
Most  gear failures occur when a gear is operated under higher st ress condit ions than it  
can tolerate [ 107] . Gear faults can be classified into two m ain failure m odes, dist r ibuted 
and local faults. I n dist r ibuted faults, the t im e between failure init iat ion and the com plete 
loss of serviceabilit y is usually long and the fault  progresses slowly. The gear can st ill 
t ransm it  power during the developing fault . These t ypes of faults are usually uniform ly 
dist ributed on the gear surface and a typical exam ple of this would be the wearing, 
pit t ing and scuffing. The second types of failures are known as local faults and they are 
m ore insidious. This type of fault  develops rapidly once it  is init iated and m ost  oft en it  
significant ly affects the t ransm ission of power. I t  m ay have dram at ic consequences if it  is 
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not  detected early. Typical exam ples of this are a tooth breakage, a cracked tooth and 
local wear involving one or m ore teeth. They are briefly sum m arized below. 
Tooth Breakage  -  There are various reasons for  tooth breakage, but  m ost  frequent ly an 
excessive load is the com m on cause of the breakage. Often, the tooth breakage starts 
with a crack in the root  of the tooth. I t  propagates and eventually causes the tooth to 
break. I n som e instances, there m ay be breakage ( chipped tooth)  at  a point  in the 
working t ip. The tooth breakage m ay progressively advance in a single tooth by losing 
som e port ions of the faulty tooth. When the faulty gear is operated under this condit ion 
the shock of a m at ing gear m ay cause the breakage of several consecut ive teeth [ 108] . 
This type of faults is the m ain focus of this research. I n this work, m ainly the progression 
of a fault  in a single tooth is invest igated.  
Gear  Crack  -  Gear tooth cracks ordinarily star t  in the root  fillet  and progress inwardly. 
The direct ion of the propagat ion of the crack is usually unpredictable, but  in the m ajorit y 
of the cases it  propagates downwards towards the r im  of the gear [ 108, 109] . 
Localised Tooth W ear -  The sliding m ot ion of m at ing teeth tends to pull the m etal 
away from  the tooth surface. I f the layer rem oved from  the surface is thick, it  will affect  
the load carrying capacity of the tooth. I t  usually occurs r ight  across the face width. I t  
m ay take place in the form  of localised wear, which involves a sm all num ber of teeth. 
2 .3 .3  Causes of gearbox fa ilures  
There are various reasons which m ay cause gears to fail and they are sum m arised below 
[ 108, 109] :  
1. The actual tooth loading m ay exceed the nom inal value for long periods of operat ion. 
2. Non-uniform  load dist r ibut ion over the teeth even if the overall t ransm it ted load is 
correct .  
3. Manufacturing errors -  this m ay be related to incorrect  design, inadequate processing 
or m aterial defect  et c.  
4. Mishandling -  Careless or incorrect  usage of gears. 
5. Lubricat ion failure -   it  often results in loss of oil due to leakage and som et im es a 
contam inat ion of the lubricant  
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6. Gearbox bearings – they are usually sensit ive to various effects, including 
m isalignm ent , debris, lubricat ion and shock. They are likely to start  t o fail sooner than 
the gear teeth. Undetected bearing problem s m ay lead to gear failures 
7. Im balance – it  init ially causes overloading and this gradually dest roys the teeth 
accuracy 
8. Misalignm ent  -  it  affect s the accuracy of the m esh contact  in the m at ing gears and it  
eventually causes gears to fail prem aturely.  
2 .4  Literature  review  for gearbox condit ion Monitor ing  
A wide range of approaches can be em ployed to ext ract  features and obtain the condit ion 
indicat ive inform at ion in rotat ing m achinery. The m achine’s condit ion can be est im ated 
by com paring the norm al and probable fault  condit ions. The approaches used vary from  
sim ple m easuring techniques to sophist icated signal processing m ethods. This sect ion will 
provide a sum m ary of m ost  fault  detect ion techniques applied in rotat ing m achinery, 
part icularly in gearboxes.  
2 .4 .1  Tim e Dom ain m ethods 
One m ethod is to look at  the stat ist ical propert ies of the vibrat ion signals. They are easy 
to understand and sim ple to use. They include m easurem ent  of RMS ( root  m ean square) , 
crest  factor,  peak- to-peak value, skewness, shape factor  and evaluat ing Kurtosis ( fourth 
stat ist ical m om ent ) . Applicat ions of these m easurem ents are given in [ 43-48] . 
Another frequent ly used approach is based upon t im e dom ain averaging of the vibrat ion 
signals. This technique is suitable for m any applicat ions where a periodic signal needs to 
be ext racted from  noisy signals. The applicat ions of this m ethod for gearbox diagnost ics 
can be found in [ 43, 49-52] . Residual analysis, which requires the rem oval of m ajor 
frequency com ponents from  the averaged vibrat ion signal can also be used to detect  gear 
faults [ 43, 49] . 
2 .4 .2  Frequency Dom ain and Cepst rum  Analysis m ethods 
Spect ral analysis is a sim ple and widely used technique in vibrat ion analysis and is also 
frequent ly em ployed in gearbox diagnost ics. Part icularly, the developm ent  of the Fast  
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Fourier Transform  (FFT)  [ 44]  has m ade a significant  cont r ibut ion for  its wide acceptance 
to exam ine signals in term s of their frequency com ponents. 
Gearbox vibrat ion is m ainly created by the gear teeth act ion in the m esh. This generates 
predom inant  frequency peaks at  t ooth m eshing frequencies and their higher harm onics. 
With faults, this st ructure of the spect rum  will change. Faults in the gearbox can be 
detected by com paring the vibrat ion spect ra of good and deteriorated condit ions. A wide 
range of applicat ions, including the condit ion m onitoring of gearboxes can be found                 
in [ 53, 58] . 
2 .4 .3  Tim e- Frequency m ethods  
The standard Fourier t ransform  decom poses a t im e signal into individual frequency 
com ponents and it  represents the spect rum  of a stat ionary signal without  the t im e 
inform at ion. However, if the signal is non-stat ionary the spect ral com posit ion of the 
signal will change with t im e. I n this case, the Fourier  t ransform  cannot  describe the 
signal propert ies adequately.  
I n the presence of an advancing local fault , the gear vibrat ion signal is non-stat ionary 
and the Fourier analysis is lim ited to reflect  changes in the gear vibrat ion signals. 
Therefore, som e other m ethods are required to signify the t im e-varying propert ies of the 
signal. A t im e- frequency dist r ibut ion is an ideal tool to define how the spect ral content  of 
a signal is changing with t im e. I t  can either be perform ed at  constant  or at  varying t im e-
frequency resolut ions. Today, com bined t im e and frequency analysis is increasingly used 
in gear fault  diagnosis and is gradually replacing convent ional t im e-dom ain analysis and 
frequency-dom ain analysis.  
The Wigner-Ville Dist r ibut ion (WVD)  is one of the early t im e- frequency m ethods and it  
has been widely used in m achinery diagnost ics. The early applicat ion of the t im e-
frequency m ethods to gear faults began with the work of Forrester.  He applied both Short  
Tim e Fourier Transform  (STFT)  and the WVD to detect  gear failures [ 59-62] . He showed 
that  different  faults such as a tooth crack and pit t ing could be detected by the WVD. 
Later, Wang and MacFadden, and Staszewski and Tom linson successfully applied the 
norm al WVD and weighted version of the WVD to detect  gear faults [ 63-66] . The 
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sm oothed version of WVD was applied by Baydar and Ball to detect  various gear failures 
[ 67,68] .  
Another m ethod of t ime- frequency analysis is the Instantaneous Power Spect rum  ( IPS) . 
The technique was used by Baydar and Ball to detect  advancing local faults in a gearbox 
[ 69-71] .  
2 .4 .4  W avelet  t ransform  
With interest ing features, the wavelet  t ransform  (WT)  has gained popularit y during the 
1990s. The WT has been applied in m any applicat ions for fault  detect ion. Gears, as one 
kind of the m ost  im portant  com ponents in m achines, were probably the m ost  exploited 
objects by wavelets, The successful applicat ion of the WT to gear fault  detect ion started 
with Wang and Staszewski [ 72,73] . I n 1999 Newland used the harm onic wavelet  to 
ident ify the r idge and phase of the t ransient  signals successfully [ 74] .  
Boulahbal et  al. [ 75]  used the scalogram  on the residual vibrat ion signal of gears. Som e 
dist inct ive features of the cracked tooth were obtained and the precise locat ion of a crack 
was detected. Wang et  al. [ 76]  experim entally invest igated the sensit ivit y and 
robustness of the current ly well-accepted techniques for gear dam age m onitoring, 
including the wavelet  t ransform , and the results show that  the wavelet  t ransform  is a 
reliable technique for  gear health condit ion m onitoring, which is m ore robust  than other 
m ethods. Staszewski [ 77]  m ade a review on st ructural and m echanical dam age detect ion 
using wavelets.  Besides gears and cracks, m any other objects have been the clients of 
wavelets.  After that  the WT has been applied in various ways by different  researchers for 
gear fault  detect ion [ 78-81] . 
2 .4 .5  Art if icial inte lligence based m ethods  
Art ificial intelligence m ethods usually include fuzzy logic, neural networks, support  vector 
m achines, expert  system s and genet ic algorithm s. Four first  ones are widely used in the 
field of fault  detect ion and diagnost ics, either alone or com bined with som e other 
m ethod.  
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A Neural network is the only m ethod that  doesn’t  need the prior  knowledge of the 
com ponent  or system ’s m odelling and dynamic character. I t  is also the best  way to 
overcom e the accuracy problem  when m odelling a system  [ 82] .  
Using a neural network, one can sim ulate the behaviour of any system , both linear and 
non- linear. The advantage of the neural network is that  it  doesn’t  need any knowledge of 
the design of the system  [ 83] . 
I n this sect ion Art ificial Neural Network techniques were applied to detect  fault  in 
gearbox were described also In the process of developm ent  of m ethods for  fault  
diagnosis, the different  Art ificial I ntelligent  techniques, such as, fuzzy inference, neural 
network, and genet ic algorithm  have been hybridized. The hybrid techniques used for 
ident ificat ion of fault  are deliberated in this sect ion. 
The Art ificial Neural Networks (ANNs)  have been used as prom ising technique in the 
dom ain of inverse problem . Saravanan et  al [ 84]  dealt  with the robustness of an art ificial 
neural network, wavelet  and, proxim al support  vector m achine based on fault  diagnost ic 
m ethodology for a gear box. Wu and Chan [ 85]  described a condit ion m onitoring and 
fault  ident ificat ion techniques for rotat ing m achineries using wavelet  t ransform  and 
neural network m ethod.   Sam anta [ 86]  com pared the perform ance of gear fault  detect ion 
using art ificial neural network (ANN)  and support  vector m achines (SVMs)  and found that  
the classificat ion accuracy of SVMs is bet ter than ANN without  genet ic algorithm  (GA)  
opt im izat ion while with GA opt im izat ion perform ance of both classifiers is com parable. 
Jack and Nandi [ 87]  used support  vector m achines (SVMs)  and art ificial neural network 
(ANN)  with genet ic algorithm  (GA)  opt im izat ion technique to detect  faults in rotat ing 
m achinery. Tran et  al. [ 88]  presented a fault  diagnosis technique based on adapt ive 
neuro fuzzy inference system  in com binat ion with classificat ion and regression t ree. The 
ANFIS cont roller has been t rained with the results obtained from  the least  square 
algorithm . They observed that  the developed ANFIS m odel has the potent ial for fault  
diagnosis of induct ion m otors. Ye et  al. [ 89]  developed a new online diagnost ic algorithm 
to find out  the m echanical fault  of elect r ical m achine using wavelet  packet  decom posit ion 
m ethod and adapt ive neuro fuzzy inference system . According to them  the new 
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integrated fault  diagnost ic system  significant ly reduces the seal com plexity and 
com putat ional t im e of t he system . They validated results from  the diagnost ic technique 
for a 3-phase induct ion m otor drive system . Zio and Gola [ 90]  presented a fault  
diagnost ic problem  using neurofuzzy approach. They used this approach for the purpose 
of high rate of correct  classificat ion and to obtain an easily interpretable classificat ion 
m odel. The efficiency of the approach was verified by applying to a m otor-bearing 
system , and the results obtained were quite encouraging. Altm ann and Mathew [ 91]  
presented a novel m ethod, which was based on an adapt ive network-based fuzzy 
inference system , to select  the wavelet  packets of interest  as fault  features 
autom at ically. Muft i and Vachtsevano [ 92]  fuzzed the fault  features ext racted by the 
wavelet  t ransform ;  and then, a fuzzy inference was applied. Essawy et  al. [ 93]  presented 
an autom ated integrated predict ive diagnost ics m ethod for the m onitoring of the health 
of com plex helicopter gearboxes. I n this m ethod, the neuro- fuzzy algorithm  and the 
sensor fusion were used, and the wavelets were used to analyse the vibrat ion data and 
to prepare them  for neural network inputs. Zhang et  al. [ 94]  proposed a bearing fault  
detect ion technique based on m ult iscale ent ropy and adapt ive neurofuzzy inference 
system  (ANFIS)  to m easure the nonlinearity exist ing in a bearing system . They 
conducted experim ents on elect r ical m otor bearing with three different  fault  categories, 
and the results obtained from  the experim entat ion were used to design and t rain the 
ANFIS system  for fault  diagnosis. Wu and Hsu [ 95]  designed a fuzzy logic-based fault  
diagnosis system  for a gearbox system . Rafiee, Arvani, Harifi,  and Sadeghi [ 96]  used a 
m ult iple-  layer percept ron ANN to classify three different  fault  condit ions and one no-
fault  condit ion of a gearbox. Saxena and Saad [ 97]  prepared an ANN for fault  diagnosis 
of ball bearings and applied the genet ic algorithm  to find the best  subset  of the ANN 
input  features and the num ber of neurons in the hidden layer of the ANN and im proved 
the accuracy of fault  diagnosis. A. Hajnayeb et  al [ 98]  designed a m ult iple layer 
percept ron ANN to classify four different  condit ions of a gearbox using it s vibrat ion 
signals. Zuber N,el [ 99]  dem onst rated the use of SOFM and ANN for autom at ic 
ident ificat ion of m issing and worn teeth in gearboxes that  work under steady loads. I t  is 
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shown that  SOFM can be used for  pre-processing phase where a reduced set  of vibrat ion 
features should be defined as inputs in ANN algorithm . 
2 .4 .6  Stat ic data  
Stat ic data obtained from  m achine cont rol processes can be used, rather than 
param eters obtained from  vibrat ion and acoust ic m easurem ents. 
Benghozzi et  al. [ 100]  proposed a new m ethod to m onitor and diagnose different  faults 
of a gearbox t ransm ission system  based on the param eters acquired from  cont rol 
system s. A nonlinear regression m odel is adopted to correlate the datasets t o obtain 
residuals from  the observed and the predicted cont rol param eters. Subsequent ly a m odel 
based m ethod is im plem ented to detect  com m on faults such as lower oil levels and shaft  
m isalignm ent  in the gearbox system . The results confirm  that  it  is possible to use 
exist ing cont rol param eters for  m onitoring such faults. Abusaad et  al. [ 101]  em ployed 
polynom ial m odels to describe nonlinear relat ionships of variables available from  such 
drives and to generate residuals for real t im e fault  detect ion and perform ance 
com parisons. Both t ransient  and steady state system  behaviours have been invest igated 
for  opt im al detect ion perform ance. Am ongst  27 variables available from  the drive, the 
torque related variables including m otor current , I d, I q currents and torque signals show 
changes due to m echanical m isalignm ents. So only these variables are explored for 
developing and opt im ising detect ion schem es. Prelim inary results obtained based on a 
m otor gearbox system  show that  the torque feedback signal, in both the steady and 
t ransient  operat ions, has the highest  detect ion capabilit y whereas the f ield current  signal 
shows the least  sensit ivit y to such faults. 
I n this research will be exam ine the perform ance of a m odel based condit ion m onitoring 
approach by using just  operat ing param eters for fault  detect ion in a two stage gearbox. A 
m odel for current  predict ion is developed using an ANFIS, GRNN and BPNN which 
captures the com plicated inter- relat ions between m easured variables, and uses direct  
com parison between the m easured and predicted values for fault  detect ion.  
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2 .5  Sum m ary 
This chapter presents a brief descript ion of general condit ion m onitoring techniques and a 
review of the different  techniques being used for  fault  detect ion in gearbox condit ion 
m onitoring and various art ificial intelligence based m ethods. Finally, Gear overview types 
and their operat ion given and a brief explanat ion of why gears fail, and gear failure 
m odes has been presented. 
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CHAPTER 3 : BACKGROUND KNOW LEDGE 
This chapter covers the theory underlying the im plem entat ion of techniques that  will be 
used later in this thesis. A theory on how to apply m odel-based detect ion was covered. 
Furtherm ore, this chapter has shown the use of residuals in fault  detect ion. The art ificial 
intelligent  (AI )  m ethods are int roduced in this chapter. Then, Art ificial neural network 
(ANN)  including General Regression Neural Network (GRNN)  and Back propagat ion 
Neural Network (BPNN)  are int roduced. The reasons for  using the chosen m odelling 
technique are discussed. Finally, Adapt ive Neuro- fuzzy inference system  (ANFIS)  and 
fuzzy logic are given.  
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3 .1  I nt roduct ion   
A fault  m odel is a form al representat ion of the knowledge of possible faults and how they 
influence the process. More specific, the term  fault  m eans that  com ponent  behaviour has 
deviated from  its norm al behaviour. I t  does not  m ean that  the com ponent  has stopped 
working altogether. The situat ion where a com ponent  has stopped working is, in the 
diagnosis com m unity, called a failure. So, one object ive is to detect  faults before they 
cause failure. [ 110]  
Faults m ay be m odelled as deviat ions of norm ally constant  param eters from  their 
nom inal values. These deviat ions can be m odelled as m ult iplicat ive or addit ive, or a 
com binat ion thereof.  I n the case of m ult iplicat ive faults, the value of a system  
param eter changes without  an offset .  I n the case of an addit ive fault , an offset  is 
int roduced without  changing the slope of the relat ion. Typical faults that  are m odelled in 
this way are gain errors and bias errors in sensors. Process faults m odelled as a deviat ion 
of physical param eters.  
Another im portant  factor is the choice of residuals as well as funct ions used for  residual 
generat ion since residuals are fundam ental com ponents in a diagnosis system . A residual 
is often t im e-varying, signal that  is used as a fault  detector.  Norm ally, the residual is 
designed to be zero (or sm all in a realist ic case where the process is subject  to noise and 
the m odel is uncertain)  in the fault - free case and deviate significant ly from  zero when a 
fault  occurs. Note, however, that  other approaches exist . I n case of a likelihood funct ion 
based residual generator where the residual indicates how likely it  is that  the observed 
data is generated by a fault - free process, the residual is large in the fault - free case and 
sm all in a faulty case. For the rem ainder of this text  it  is assum ed, without  loss of 
generalit y, that  a residual is zero in the fault - free case. [ 110]  
3 .2  Model based Methods  
The aim  of m odel-based fault / defect  detect ion and diagnosis is to create a m odel based 
on known and accepted m athem at ical and scient ific principles verified and fine- tuned by 
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past  experience to generate accurate predict ions of faults and defects likely to occur in 
target  system s. Such m odels m ay be quant itat ive, qualitat ive or a com bined system  
m odel. The m odel-based m ethod is oft en referred to as an analyt ical m ethod and has the 
enorm ous advantage that  it  is m uch less cost ly than const ruct ing a real- life system  for  
test ing (possibly to dest ruct ion) . Typically, the m odel of the target  system  is a 
cont inuous-variable dynam ic system , with input (s)  u(k)  and output (s)  y(k)  in the 









Figure 3 .1   Concept  of Model Based fault  detect ion 
The m odel based fault  detect ion m ethod can easily find the fault  of the system  as shown 
in figure 3.1. Residual r(k)  in the figure is the difference between the outputs of the 
m odel and the actual system . The aim  of the m odel is to generate a residual which can 
be used to indicate whether a fault  is present  and to ident ify that  fault . However, the 
m odel can also be used “ in reverse”   inform at ion represent ing the behaviour of the 
system  can be input  to the m odel which produces an output  that  predicts what  change in 
system  com ponents and/ or features have taken place to produce that  behaviour. The 
m odel can then predict  likely causes of the change and even suggest  other sym ptom s to 
search for to aid diagnosis.  
A frequency division duplex (FDD)  system  includes three stages (procedures)  with 
different  funct ions:  system  m odelling, residual generat ion and fault  diagnosis. First ly, a 
precise m athem at ical m odel is required to accurately predict  system  perform ance as 







Actual output    y(k)  
Model output  
I nput    u(k)  
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system s, such m odels are often very difficult  to obtain. The robustness of the FDD 
system  is often achieved by designing algorithm s where the effect s of m odel 
uncertaint ies and un-m odelled dynam ic disturbances on residuals are m inim ised and 
sensit ivit y to faults is m axim ised [ 113, 114] . Secondly, a set  of residuals is generated to 
represent  the deviat ion between actual and nom inal features. Finally, the residuals are 
evaluated to relate to certain faults and to locate the fault  if it  is present . The m odel 
im plem entat ion and residual generat ion com pose the m odel-based fault  detect ion 
system . 
3 .2 .1  Modeling of faults by m eans of residual generat ion 
These m ethods generally consist  of two basic steps:  Residual generat ion and a decision 
process to ident ify the cause. When faults occur, m odel and process differ  and a residual 
r ≠0 occurs, where broadly residuals represent the differences between various outputs 
and the expected values of these outputs. 
To const ruct  a m odel-based detect ion system , a m odel of the system  is needed as well 
as fault  m odels which describe the effects of different  faults. A fault  m odel is the form al 
representat ion of the knowledge of possible faults and how they influence the process. I n 
general, bet ter  m odels im ply bet ter diagnosis perform ance, e.g. sm aller faults can be 
detected and m ore different  types of faults can be isolated. [ 110]  
3 .2 .2  Residual evaluat ion 
With this approach, faults are m odelled by signals f( t ) . Cent ral is the residual r( t )  which 
is a scalar or  vector signal of which the elem ents are zero or sm all in the fault - free case 
when f(t) = 0, and is nonzero when a fault occurs, i.e.  f(t)≠0. 
Diagnosis can be considered as detect ing and isolat ing faults in processes. The diagnosis 
system  is then separated into two parts:  residual generat ion and residual evaluat ion. This 
view of how to design diagnosis system s is well established on research conducted by 
[ 115] . Thus (Karlsson. 2001)  defines the m odel-based FID as a two-stage process:  (1)  
residual generat ion, (2)  decision m aking ( including residual evaluat ion) . This two-stage 
process is accepted as a standard procedure for m odel-based FD nowadays. Residual 
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evaluat ion can be done using decision logic or a neural net , am ongst  others. These two 
m ethods will now be fur ther discussed. 
Residual evaluat ion by decision logic is an established procedure. The m ethod is oft en 
called st ructured residuals and is prim arily an isolat ion m ethod [ 115] . A diagnosis system  
using st ructured in this m ethod, the first  step of the residual evaluat ion is essent ially to 
check if each residual is responding to the fault  or not , often achieved via sim ple 
threshold. By using residuals that  are sensit ive to different  subsets of faults, isolat ion can 
be achieved. What  residuals those are sensit ive to what  faults is oft en illust rated with a 
residual st ructure.  
3 .2 .3  Threshold definit ion 
I n order t o detect  fault  quant itat ively, the thresholds have to be defined for  the residuals. 
I t  is very im portant  that  the definit ion of thresholds for the residuals is independent  of 
disturbances. The disturbances com e from  unknown input  noise signals, m odelling errors, 
etc.  Because of the presence of noise disturbances and other unknown signals act ing 
upon the m onitored variable, the residuals are usually stochast ic variables with m ean 
value and standard deviat ion for fault  free processes.  
I f the dist r ibut ion and variance of the noise is known, it  is easy to determ ine the 
threshold. This m ethod em ploys a fixed threshold and is therefore easy to im plem ent . 
Analyt ic sym ptom s are obtained as changes of residual signals with reference to the 
norm al values. To separate norm al from  faulty behaviour, usually a fixed threshold has to 
be selected. By this m eans, a com prom ise has to be m ade between the detect ion of 
sm all faults and false alarm s. The start  of the fault  can be easily detected by the posit ive 
peak (m axim um )  and the end of the fault  can be detected by the negat ive peak 
(m inim um ) . This m eans that  when a fault  occurs, one or m ore com ponents of the 
residual vector will change in m agnitude and m ake it  possible to recognise that  som e 
change has taken place.  
The problem  with a fixed threshold is that  som e part  of the signal is ignored. Fixed 
thresholds are only concerned with the m axim um  and m inim um peak of the signal. 
However, the basic idea of adapt ive thresholds is that  since disturbances and other 
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uncont rolled effect s vary with t im e, the thresholds should also vary with t im e instead of 
being fixed at  a constant  value. The adapt ive threshold adapts to the disturbances and 
therefore follows the test  quant it y as long as there are no faults.  
One way of set t ing the thresholds is to perform  a large num ber of sim ulat ions. No two 
sim ulat ions will give exact ly the sam e result  since noise is present .  The threshold is then 
set  according to a worst  case scenario. This will give a system  that  is unlikely to fire false 
alarm s but  unfortunately there is a r isk for m issed detect ion instead. The thresholds 
m ight  be set  so high that  an alarm  is not  even generated when a fault  is present  [ 110] .  
3 .3  Art ificial intelligence ( AI )  based m ethods 
Model-based fault  diagnost ics m ethods require precise m athem at ical m odel of the 
process under considerat ion, and based on the m odel and process m easurem ents they 
m onitor the health of the system . In real system s, this m ay becom e a problem , since any 
un m odelled dynam ics can effect  on fault  diagnost ics process. Model-based m ethods are 
st ill widely used in fault  diagnost ics, but  different  kinds of AI  based m ethods have also 
been developed to overcom e problem s with m odel-based m ethods. AI  m ethods have also 
been com bined to m ore t radit ional m ethods e.g. in failure isolat ion and ident ificat ion 
tasks or in building the system  m odels [ 116] , [ 117] . 
I n order t o carry out  fault  diagnost ics, som e representat ion (or reference)  of correct  or  
norm al behaviour has to be developed. This reference is the m ost  im portant  part  of a 
fault  diagnosis system . The consequences of a poorly defined reference are a failure to 
detect  faults or  the generat ion of false alarm s. A m odel-based approach to diagnost ics 
involves using a m athem at ical descript ion of the system  as a reference of correct  
behaviour. A diagnost ics schem e can use various types of m odels, such as, neural 
networks m odels, fuzzy rules, characterist ic curves, etc. This research advocates the use 
of art ificial neural networks m odels (ANNs)  and Adapt ive Neuro- fuzzy inference system  
(ANFIS)  which is briefly described in this sect ion. 
Unlike with stat ist ical m ethods, the m odels of art ificial intelligence (AI )  m ethods are 
usually im plicit , and the param eters have no physical m eaning. Basically, AI  m ethods 
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have two types of param eter, user-defined and t raining-data-defined [ 118] . Here, the 
param eters are the t raining-data-defined. AI  t echniques are useful for determ ining the 
relat ionship data has with it s input  variables of applicat ions where convent ional m ethods 
such as stat ist ics are too com plicated or not  valid. Non- linear system s are an exam ple of 
applicat ions which can be evaluated by AI  techniques and which are difficult  or  
im possible to analyse with convent ional techniques [ 118] .  
Art ificial neural networks (ANNs)  are the m ost  widely used AI  m ethods. These m odels are 
flexible and able to accom m odate different  m ethods to enhance classificat ion results.  
Adapt ive Neuro- fuzzy inference system  (ANFIS)  is one of the ANN m odels which 
hybridize the knowledge-based inference system  of fuzzy logic technique and learning 
capabilit y of neural networks. For ANN and ANFIS, all t raining data are used to determ ine 
their m odels. 
3 .3 .1  Art if icial Neural Netw orks ( ANN)  
Neural network (NN)  m odels are inspired by the hum an thought  processes.  Over 100 
billion biological neurons are present  in the hum an brain.  The connect ions between 
these neurons are called synapses and when the brain learns their st rength is m odified.  




Figure 3 .2  Schem at ic of Biological Neuron 
 
A NN is an at tem pt  at  a m athem at ical m odel of neuron act ivit y in the brain. This m odel 
assum es the neurons are sim ple processing units. Figure 3.3 show the st ructure of an 
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art ificial neuron. The neurons are arranged into layers and each connect ion between 
them  has an adjustable weight  that  is shown in Figure 3.5. I n general there are three 
kinds of layers:  I nput , Output  and Hidden or Processing. Each of the n inputs into the 
neuron has a weight ing, w i ( that  can be posit ive or negat ive) , and is the value of this 
weight ing determ ined as the network is t rained. The nucleus arithm et ically sum s the 
input  values.  
Let  n inputs be a1,  a2,  a3… an and corresponding weights be w1,  w 2, . . . . . . . . . . . . . .w n. The 
total input  (act ivat ion)  is thus A =  a1w 1 +  a2w 2 +  a3w 3 + . ..+  anwn 
I t  is the fact  that  the weight ings are adjustable that  give the NN the capabilit y of 
learning. Consider j ust  three layers, every neuron in the input  layer sends a signal to 
every neuron in the hidden layer, and every neuron in the hidden layer sends a signal to 
every neuron in the output  layer. Thus if there are N1 neurons in the input  layer and N2 
neurons in the hidden layer, then there are N1* N2 paths to each of the output  neurons. 
Obviously the num ber of possible different  arrangem ents of the layers and the ways of 
interconnect ing neurons offer a vast  num ber of NNs each with a range of possible 










Figure  3 .3  Schem at ic of an art if icial neuron 
The output  of the neuron is given by:  
 � = �(�) = f(∑ ������=1 )                                                                      (3.1)  
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where:  w 1a1 is the threshold value (polarizat ion) , f ( x)  is the neuron act ivat ion funct ion, x  
is the sum m at ion output  signal and y  is the neuron output , b is bias which is added to 
the network .  
Changes can be m ade to the binary output  funct ion, otherwise known as the nodes 
t ransfer funct ion. two com m on t ransfer funct ions are shown in Figure 3.4, the pure linear 
(purelin)  and tangent  sigm oid ( tansig)  funct ions.  
these funct ions give the neuron output  range of possible output  values between[ 1,-1] , 
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Figure  3 .5  General st ructure of a neural netw ork  
There are m any different  types of neural networks, each of which has different  st rengths 
part icular to their applicat ions. The abilit ies of different  networks can be related to their 
st ructure, dynam ics and learning m ethods.  
ANNs are part icularly suited to deal with the problem  of system  ident ificat ion in dynam ic 
processes for several reasons ( for a general reference on neural networks see [ 121] .  
The biggest  advantage of ANNs m anifest s it self when dealing with hard problem s, e.g. in 
the case of significant ly overlapping pat terns, high background noise, and dynam ically 
changing environm ents. The ANN'S characterist ics of adapt ive learning generalisat ion 
abilit y, fault  tolerance, robustness to noisy data and parallel processing m akes it  a very 
interest ing candidate for approaching the ident ificat ion of dynam ic events. 
3 .3 .1 .1  Analysing the problem  
Where processes to be m odelled are com plex enough to be described m athem at ically, 
neural networks are considered to outperform  the convent ional, determ inist ic m odels 
m ost  of the t im e. However, one should be aware of the applicabilit y of neural networks to 
a specific problem  and the basic condit ions for  get t ing the best  perform ance out  of it .  I n 
m any cases neural networks for research are used 'blindly' by choosing all the possible 
Hidden Layer Output Layer 
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input  variables and without  considering m uch of the possibilit ies to m axim ise the 
perform ance. 
 I n general, neural networks are suitable for problem s where the underlying process is 
not  known in detail and the solut ion can be learned from  the input-output  data set . 
Nevertheless, the following points have to be st ressed:  
•  I t  has to be m ade sure that  the problem  is difficult  to be solved by convent ional 
m ethods and that  neural networks can be used as a good alternat ive. 
•   I f there are logical non-chaot ic relat ionships or st ructural propert ies that  sim ilar 
init ial configurat ions indicate m apping to the sim ilar solut ions, one can expect  a 
generalisat ion by neural network. I t  sim ply m eans the sam e input  should always result  in 
the sam e output .  
•  I f the data set  t o t rain the network is im possible to be represented or coded 
num erically, the problem  cannot  be solved by a neural network approach. 
•   Non- linearity and the change of variables in t im e are possible to be dealt  with by 
neural networks.  
Training the network has to be started by defining the topology of the neural network. 
The best  t opology is found by adjust ing the param eters by t r ial and error, therefore it  is 
bet ter  t o start  with a sm all network which learns fast  and is easy to change the 
param eters. When the appropriate network topology is defined, it  is possible to speed up 
or slow down the process by changing the learning rate and fine- tuning. 
This is one of the m ost  im portant  stages of any neural network applicat ion because the 
accuracy of the solut ion for m ost  of the networks depends on the qualit y and quant it y of 
the t raining data set .  Although neural networks can accept  a wide range of inputs, they 
work with data of certain form at  encoded num erically. 
3 .3 .1 .2  Training of neural netw orks 
Art ificial neural networks are designed to operate in a sim ilar m anner to their biological 
counterparts. Biological neural networks in the brain have neurons that  receive input  
st im uli, which are am plified or at tenuated by other neurons based on past  learning 
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experience, and the outputs are passed to other neurons through synapses. The final 
output  is based on a com binat ion of the output  of other neurons. 
Art ificial neural networks use a sim ilar m ethod by t raining the network using known 
inputs and expected outputs. The network cont inuously adjusts a series of weights 
associated with each neuron as the network is t rained.  
A neural network is required to go through t raining before it  is actually being applied. 
Training involves feeding the network with data so that  it  would be able to learn the 
knowledge am ong inputs through it s learning rule. There are two types of t raining 
algorithm s supervised learning and unsupervised learning.  
I n supervised learning, the network is shown a series of input  and expected output  
exam ples. The expected output  is com pared with the actual output  from  the network. 
The network will adjust  it s weights to accom m odate each t raining exam ple. The purpose 
of adjust ing the weight  here is to m inim ise the difference between the two outputs. The 
learning rule is used to adjust  the weights and biases of the network in order to m ove 
the network outputs closer to the targets. The percept ron m ult ilayer learning rule falls in 







Figure 3 .6  Supervised learning [ 1 2 2 ] .  
For unsupervised learning, the network is only presented with the inputs but  not  the 
output . The network in response to the input  pat terns updates the weights. That  im plies 
that  there are no t raining data like supervised learning [ 122] . The neural network can 
only be t rained by unsupervised techniques if the relat ionship between input  and output  







I nput  t raining facts 
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Figure 3 .7  Unsupervised learning  
 
The learning process used for  the work in this research is supervised learning. 
The efficiency of a chosen ANN and the learning st rategy em ployed can be est im ated by 
using the t rained network on som e test  cases with known output  values. This test  set  is 
also a part  of the learning set .  Hence the ent ire set  of data consists of the t raining data 
set  along with the test ing data set . The form er is used to t rain the neural network and 
the lat ter is used to evaluate the perform ance of the t rained art ificial neural network. 
There are lots of variat ions of NN in use today. The aim  of this work was to use ANN as a 
predict ion tool. ANNs are efficient  in m odelling of com plex nonlinear phenom ena that  are 
present  in several t ypes of rotat ing m achinery faults. 
3 .3 .1 .3  Mot ivat ion for  use 
One of the m any at t r ibutes of an ANN is it s abilit y to m odel m ult i- input , non- linear 
relat ionships m aking them  part icularly useful for real-world applicat ions [ 123, 124] . 
Another is their abilit y to learn from  experience when supplied with lots of data. I t  is also 
said that  ANN can develop solut ions fast  if an appropriate design is used, and generalise 
from  exam ples. The various at t r ibutes of ANN m atched the requirem ents of the system  
required for  this work so it  was reasonable to assum e they would be a good technique to 
use. 
3 .3 .1 .4  Specif ic t ypes of neural netw ork  
There are lots of variat ions of ANN in use today. The aim  of this work was to use ANN as 
a predict ion tool. We will focus on two kinds of NNs which are generalised regression 
Neural network  
Weights changes 
Network outputs 
I nput  t raining facts 
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neural networks (GRNN)  and a Back propagat ion neural network BPNN for gearbox fault  
detect ion.   
The following two sub-sect ions explain the reasons for  choosing these t ypes.  
Generalised regression neural netw ork  
A generalised regression neural network (GRNN)  is a term  first  used by Specht  [ 125] . I t  
is a feed- forward type and a variant  of the radial-basis funct ion (RBF)  type ANN which, 
according to [ 127] ,  can be designed in a fract ion of the t im e it  takes to t rain standard 
feed- forward ANN , GRNN features fast  learning that  does not  require an iterat ive 
procedure and highly parallel st ructure. I t  was also chosen for  this work because it  is one 
of the sim plest  ANN to use [ 126] .  The GRNN uses supervised learning. The t raining of an 
ANN involves showing it  a dataset , called the t raining dataset , containing both the ANN 
inputs and corresponding outputs together. The t raining process effect ively teaches the 
ANN so it  learns the pat terns in the dataset .  
To discover the generalisat ion capabilit y, or  accuracy, of the ANN in predict ing the output  
after  t raining has taken place, it  m ust  be shown the test ing dataset , this t im e only 
containing ANN input  data. This test ing data is processed and a num ber of outputs, equal 
to the am ount  of sam ples used for t est ing, is generated. The errors between the outputs 
from  the t raining dataset  and the predicted outputs based on the test ing dataset  are 
calculated and used to indicate the accuracy of the NN predict ion. 
Back  propagat ion neural netw ork  
The back propagat ion neural network (BPNN)  is another popular ANN and was chosen to 
serve as a com parison to the GRNN. Like the GRNN it  is a type of m ult i- layer feed-
forward network but  it  uses the back propagat ion algorithm .  
The whole architecture of the ANN can be changed to suit  the needs of the applicat ion it  
is intended to be used for . Param eters include the num ber of layers the ANN has;  the 
size of each layer ( the num ber of neurons) ;  the t ransfer funct ion for each layer (used to 
calculate the output  from  the input ) ;  the learning funct ion;  the num ber of epochs ( the 
num ber of t im es the t raining process is repeated) ;  the error goal ( the required error 
value) . Since all these param eters can be varied, it  can quickly be seen that  to opt im ise a 
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BPNN involves a m uch m ore intense series of t ests. I n addit ion, the num ber of inputs and 
their com binat ions m ust  be varied, as was done for the GRNN [ 127]  
3 .3 .2  Fuzzy logic  
I nform at ion available for decision-m aking is usually not  black and white;  it  generally 
involves som e subt le “grey areas” . Fuzzy sets and fuzzy logic were developed to 
represent ,  m anipulate, and ut ilize uncertain inform at ion and to develop a fram ework for  
handling uncertainty and im precision in real-world applicat ions [ 128] . Fuzzy logic 
system s provide an effect ive and accurate m ethod for  describing hum an percept ions. I t  
accom plishes this by allowing com puters to sim ulate hum an reasoning with less bias, and 
to behave with less analyt ical precision and logic than convent ional com put ing m ethods 
[ 129] . Unlike the t radit ional hard com put ing techniques, such as using firm  and precise 
m athem at ical form ulas, soft  com put ing st r ives to m odel the pervasive im precision of the 
real world. Solut ions derived from  soft  com put ing are generally m ore robust , flexible, and 
econom ical than those provided by hard com put ing [ 131] .  
Fuzzy logic provides an inference st ructure that  enables approxim ate hum an reasoning 
capabilit ies to be applied to knowledge-based system s. The theory of fuzzy logic provides 
a m athem at ical st rength to capture the uncertaint ies associated with hum an cognit ive 
processes, such as thinking and reasoning. The convent ional approaches to knowledge 
representat ion lack the m eans for represent ing the m eaning of fuzzy concepts. As a 
consequence, the approaches based on first  order logic and classical probabilit y theory do 
not  provide an appropriate conceptual fram ework for dealing with the Fuzzy logic 
provides an inference st ructure that  enables approxim ate hum an reasoning capabilit ies to 
be applied to knowledge-based system s. The theory of fuzzy logic provides a 
m athem at ical st rength to capture the uncertaint ies associated with hum an cognit ive 
processes, such as thinking and reasoning. The convent ional approaches to knowledge 
representat ion lack the m eans for represent ing the m eaning of fuzzy concepts. As a 
consequence, the approaches based on first  order logic and classical probabilit y theory do 
not  provide an appropriate conceptual fram ework for  dealing with the representat ion of 
com m onsense knowledge, since such knowledge is by it s nature both im precise and non-
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categorical. The developm ent  of fuzzy logic was m ot ivated by the need for a conceptual 
fram ework which can address the issue of uncertainty and im precision. Som e of the 
essent ial characterist ics of fuzzy logic relate to t he following [ 130] :   
• Exact  reasoning is viewed as a lim it ing case of approxim ate reasoning.  
• Everything is a m at ter of degree.  
• Knowledge is interpreted a collect ion of elast ic or,  equivalent ly, fuzzy const raint  
on a collect ion of variables.  
• I nference is viewed as a process of propagat ion of elast ic const raints.  
• Any logical system  can be fuzzified.  
• I n addit ion, there are also two m ain characterist ics of fuzzy system s that  give 
them  bet ter perform ance for  specific applicat ions:   
• Fuzzy system s are suitable for uncertain or approxim ate reasoning, especially for 
the system  with a m athem at ical m odel that  is difficult  to derive.  
• Fuzzy logic allows decision m aking with est im ated values under incom plete or  
uncertain inform at ion.  
I n order t o deal with im precise or ill-defined system s, Fuzzy logic uses graded or 
quant ified statem ents rather than ones that  are st r ict ly t rue or false. The fuzzy sets allow 
objects to have grades of m em bership of values ranging from  zero to one. These sets, 
represented by linguist ic variables, are used to represent  a part icular fuzzy set  in a given 
problem , such as “ large” , ”m edium ”  and “sm all” [ 128] . For instance, if U is a collect ion of 
objects denoted generically by { u} , which could be discrete or cont inuous, U is called the 
universe of discourse while u represents the generic elem ent  of U. A fuzzy set  F in a 
universe of discourse U is characterized by a m em bership funct ion μF which takes values 
in the interval [ 0, 1] . A fuzzy set  F in U m ay be represented as a set  of ordered pairs of a 
generic elem ent  u and it s grade of m em bership funct ion as follows:   
F = [(μ, μ F (u) )  /  u ∈ U]  
F = ∫u μ F (u)  /  u du ∑ µF ��=1 (ui )/ui                                                                                (3.10)  
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Fuzzy sets have som e operat ions that  can be applied to crisp sets, as a subset  of fuzzy 
sets. Assume that A and B are two fuzzy sets in U with membership function μA and μΒ, 
respect ively. The set  t heory operat ion of union, intersect ion, com plem ent  and other 
relat ions of fuzzy sets are defined by their m em bership funct ion. For exam ple, the 
membership function μA∪B of the union A∪B is point -wise defined for all u ∈ U by:  µ
 A∪B(�) = max[ µ� (�), µ� (�)]                                                              (3.11)  
While the membership functions μA∩B of the Intersect ion A∩B is point -wise defined for all     
u ∈ U by:   µ
 A∩B (�) = min[ µ� (�), µ� (�)]                                                             (3.12)  
                                                                
         0 u              u  
 
Figure 3 .8  I ntersect ion and union of tw o fuzzy sets 
The fuzzy inference system  (FIS)  is the process of form ulat ing the mapping from  a given 
input  to an output  using fuzzy logic. The dynam ic behaviour of an FIS is characterized by a 
set  of linguist ic descript ion rules based on expert  knowledge. This expert  knowledge is 
usually of the form :  [ 132] . 
IF -  a set  of antecedent  condit ions is sat isfied  
THEN -  a set  of consequences can be inferred.  
Since the antecedents and the consequent  of these IF-THEN rules are associated with 
fuzzy concepts ( linguist ic term s) , they are often called fuzzy condit ional statem ents 
[ 133] . I n the case of m ult iple- input -single-output  (MISO)  fuzzy system , the fuzzy rules 
have the form :   
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R2:  if ( x)  is A2 and (y)  is B2 then (z)  is C2,   
… … … …  
Rn:  if ( x)  is An and (y)  is Bn then (z)  is Cn,   
where x, y, and z are linguist ic variables represent ing two inputs process state variables 
and one output  variable, respect ively.  
3 .3 .3  Hybr id System : neuro- fuzzy inference 
There are benefit s to using a com binat ion of techniques;  som e techniques perform  well 
for  one class of problem  while other techniques m ay be bet ter suited to other types of 
problem . Hybrid system s can be const ructed using m ult iple m ethods, with each m ethod 
act ing independent ly of one another.  When this is the case there needs to be som e 
cent ral cont rol system  to decide which problem s are sent  to which m ethod/ sub system . 
This can be a very powerful approach as it  allows a developm ent  to take place in sub-
system s or m odules. This approach also helps to ensure that  problem s are solved by the 









Figure  3 .9  A separated hybr id system  approach. 
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Figure  3 .1 0  A com bined hybr id system  approach. 
Neuro- fuzzy system s are an exam ple of hybrid system s that  use one powerful solut ion 
m ethod where these two m ethods are com plem entary to each other [ 134] . 
A neuro fuzzy approach com bines the best  features of neural based system s and fuzzy 
system s. The m ost  com m on im plem entat ion of neuro- fuzzy uses an ANN to update 
param eters of a fuzzy system .  
Neural networks are ideal for  non- linear m odelling and fault  classificat ion;  however, they 
are not  good at  explaining how decisions are reached, due to their ‘black-box’ 
characterist ic. Fuzzy logic, which is highly suitable for reasoning with im precise 
inform at ion, can easily explain the decision m aking process by linguist ic expressions, but  
the rules cannot  be obtained autom at ically for decision m aking. These lim itat ions, 
therefore, raise the requirem ent  for  hybrid intelligent  system s, where two or m ore 
techniques are com bined together to overcom e the drawbacks of each individual m ethod. 
For instance, a fault  detect ion and diagnosis task norm ally includes a signal processing 
task and a reasoning task, where, respect ively, neural networks and fuzzy logic can be 
applied depending on adaptabilit y. The com binat ion of neural networks and fuzzy logic 
therefore gives the abilit y to learn and to deal with system  uncertaint ies by using the 
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The m odels com posed of neural network and fuzzy logic m ainly have two classes 
depending on whether neural network or fuzzy logic is defined as the input  interface or 
the decision m aker. As a system  input  interface, fuzzy logic responds to linguist ic 
statem ents and provides a fuzzy input  vector t o a m ult i- layer neural network, while the 
decision m aking is perform ed by the neural network. This type of com bined system  is 
norm ally referred to as a fuzzy neural network system . In this system , the weight  and 
neurons are considered to be fuzzy sets. The fuzzy neurons are designed to process fuzzy 
inputs with linguist ic expressions in the form  of IF-THEN rules and the fuzzy weights are 
updated by back propagat ion algorithm s to realise the learning procedure. Conversely, 
when fuzzy logic is em ployed as the decision m aker, the neural network works as an 
input  interface and receives feedback from  output  decisions. The architecture of this 
com binat ion, which is called a neuro- fuzzy system , allows the m em bership funct ions of 
fuzzy logic to be autom at ically tuned. Since the design and tuning of m em bership 
funct ions are often t im e consum ing tasks, this abilit y based on the neural network 
learning m echanism  can im prove system  perform ance and reduce the t im e cost  of 
system  design.  
With the com binat ion of quant itat ive and qualitat ive inform at ion, the neuro- fuzzy 
technique is capable of handling com plex system s. The neuro- fuzzy m odel also becom es 
m ore t ransparent  than the sim ulat ion using a neural network, due to the linguist ic 
expression of rules which hum ans can interpret . These advantages have resulted in the 
wide applicat ion of this m ethod in indust r ial processes. [ 134]  
3 .3 .2 .1  Adapt ive Neuro- Fuzzy I nference System  ( ANFI S)   
I n order for  an FIS to be m ature and well established so that  it  can work appropriately in 
predict ion m ode, it s init ial st ructure and param eters ( linear and non- linear)  need to be 
tuned or adapted through a learning process using a sufficient  input-output  pat tern of 
data. One of the m ost  com m only used learning system s for adapt ing the linear and non-
linear param eters of an FIS, part icularly Takagi-Sugeno fuzzy m odel (TS)  type, is the 
ANFIS. ANFIS is a class of adapt ive networks that  are funct ionally equivalent  to fuzzy 
inference system s [ 135] . The architecture of ANFIS and the m ain concepts and 
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algorithm s adopted during it s learning process are described in the chapter 8. The aim  of 
this work was to use ANFIS as a predict ion tool for  gearbox fault  detect ion and 
com parison the perform ance with GRNN and BPNN.  
3 .4  Sum m ary 
This chapter covered the theory underlying the im plem entat ion of techniques that  will be 
used later in this thesis. A theory on how to apply m odel-based detect ion was covered. 
Furtherm ore, this chapter has shown the use of residuals in fault  detect ion and art ificial 
intelligence (AI )  m ethods are int roduced. Then, Art ificial neural network (ANN)  including 
(GRNN)  and (BPNN)  has been int roduced. The reasons for using the chosen m odelling 
technique were discussed. Finally, (ANFIS)  and fuzzy logic has been given. 
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CHAPTER 4 : TEST RI G FACI LI TI ES AND FAULT SI MULATI ON 
This chapter addresses the facilit ies and fault  sim ulat ion for the experim ental study of 
gearbox. I t  starts by describing the test  r ig com ponents and cont rol system s. I t  then 
briefly explains how the local fault  was sim ulated and how the data was collected. Finally, 
describes the load m echanism  used in the test  r ig. 
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4 .1  Descript ion of the test  r ig  
I n order to evaluate gearbox condit ion m onitoring and fault  diagnosis, experim ental work 
was carried out  on a gearbox test  r ig developed at  the University of Huddersfield .The 
test  r ig used in this study is shown in Figure 4.1. I t  consists of two stage helical 
gearboxes, a three phase induct ion m otor, coupling and DC m otor as a m echanical load. 
The induct ion m otor is the prim e driving com ponent :  (a four-pole, 11 kW, 1465 rpm , 3-
phase) . I t  is flanged in a cant ilever type arrangem ent  to the gearbox. The load 
com ponent  consisted of two flexible couplings and a DC generator.  
The gearbox consists of two-stage helical gear t ransm issions. I t  was chosen for this 
research not  only because it  is widely used in indust ry, but  also because it  allows faults 
to be easily sim ulated and various CM techniques to be extensively evaluated.  
 
Figure 4 .1  Gearbox test  r ig 
The m otor and gearbox were m ounted on I -beam s which were anchored to the concrete 
floor.  Mechanically, the output  of the AC m otor is direct ly connected to the input  shaft  of 
the gearbox in order to t ransm it  the m echanical power to the gearbox and it s 
downst ream  equipm ent . The m otor and gearbox are bolted together through two flanges 
integral to the m otor housing and gearbox casing. This com pact  const ruct ion m eans that  
the whole system  can be installed in a num ber of situat ions in which space is rest r icted 
or lim ited, for exam ple in m arine t ransm ission. Moreover, in this study, different  gear 
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sets can be easily exchanged by unbolt ing the two flanges access to the inside of the 
gearbox. 
A m iddle shaft  supported by two bearing supports couples the m echanical power to the 
DC m otor. The DC m otor produces elect r icit y which is consum ed by the resistor bank.  
I n this arrangem ent ,  the AC m otor absorbs elect r ic power from  the supply system  via a 
cont rol cabinet  which generates m echanical power and a DC m otor which convert s the 
m echanical power into elect r icit y again. By varying the resistance values different  loads 
can be applied to the system . The details of all com ponents used for the test - r ig are 
given as followings:   
4 .1 .1  AC Motor  
The m anufacturer’s specificat ions of the AC m otor are shown in Table 4.1. 
 
Table 4 .1  : Gearbox Specif icat ion 
 
Descript ion 




Reduct ion rat io  0.810 4.539 
No. of teeth  58/ 47 13/ 59 
Contact  rat io  1.450 1.469 
Overlap rat io  2.890 1.289 
Helix angle  270 130 
Circular pitch at  
reference diam eter 
Norm al 3.927 6.283 
Transverse 4.407 6.448 
Circular pitch at  
running diam eter 
Norm al 3.942 6.292 
Transverse 4.428 6.485 
Circular pitch at  
base circle 
diam eter 
Norm al 3.690 5.904 
Transverse 4.080 6.041 
4 .1 .2  Motor  Gearbox  
The gearbox consists of two gear sets (or stages) . The first  set– or prim ary – set  has two 
gears and the final set  consists of two gears as well. The specificat ion of the two sets is 
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Figure  4 .2  Schem at ic of the fundam ental st ructure and w ork ing principles of a 
tw o- stage helica l gearbox  
 
Most  m otors now com e with a m otor-gearbox com binat ion as an opt ion to avoid having 
to couple the m otor t o a separately supplied gearbox. The m otor is usually flange-
m ounted and m ates direct ly to the gearbox front  flange plate. 
This com binat ion has been popularised by m achinery designers and end users requir ing 
convenient , com pact  designs that  com e as a com plete package without  the need for 
addit ional m echanical com ponents between the m otor and gearbox. The requirem ent  t o 
drive low-speed loads that  require a high- torque has also been a factor, because at  any 
given power, t orque in an AC m otor is inversely proport ional to speed.  
High- torque, low-speed m otors exist , but  these are usually confined to DC m achines as 
their AC equivalents run at  a m uch lower power factor and generate m uch m ore heat  
than the high-speed m otors. I t  is now considered m ore efficient  to use step-down 
gearboxes for driving lower- speed loads at  higher torque values.  
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4 .1 .3  DC Motor  ( generator)  
The inform at ion from  the DC m otor rat ing plate is given in the table below:  
Table 4 .2  : Descript ion of Generator   
Descr ipt ion 
No G63801N 
Size SD 200XLC 
Power 85 kW 
Speed 1750 rpm  
Duty type S1 
I ns Class F 
Arm ature V: 460, A: 200 
Enclosure IP22 
Excitat ion V:  360V, I :  4.7A 
Mass 48.2 Kg 
 
The unit  is a shunt -wound DC m otor, having a field supply that  is com pletely separate 
from  the arm ature circuit . There is no tachogenerator fit ted to this m otor.  At  the rear of 
the m otor is a force-vent ilat ion cooling fan with a 415VAC supply rat ing of 4.2A. 
4 .2  Control Panel for the test  r ig 
The test  r ig panel is detailed in this sect ion, along with a full descript ion of the cont rols 
and photographs of the r ig. The front  of the test  r ig panel is shown in Figure 4.3, with the 
cont rol elem ents indicated:  
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Figure 4 .3  Test  r ig panel exterior  
A brief descript ion of the cont rol panel funct ions is given in Table 4.3 below:  




I ndicates DC m otor arm ature Am peres;  Range:  0 to 200A 
m ax. This indicat ion is taken from  the DC m otor current  
t ransform er output .  
 
Field Current  
I ndicates DC m otor field current ;  Range:  0 to 5.0A m ax. 
This output  is fed from  the buffered output  of the DC field 
cont roller  
 
Switch On/ Off 
Speed Cont rol 
(Local Cont rol 
Keys)  
Pushbut tons cont rol AC Drive Start / Stop 
Red (Stop) ;  Green (Start )  
This keypad is connected to the inverter  drive by the use of a 
serial com m unicat ions lead. The keypad norm ally resides on 
the drive front ,  but  an opt ional rem ote panel-m ount  kit  was 
chosen to m ount  the keypad on the test  r ig panel front .  
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Program m ing 
keys 
These are used to access AC inverter  drive param eters;  
Under norm al operat ing condit ions, the keypad is used to 
increase or decrease the m otor set  speed. 
I f desired, an engineer m ode can be selected to m odify 
param eters such as speed loop tuning, ram p t im es, et c. 
operator Screen 
 
This screen lets the operator input  the required num ber of 
speed values and load values to be run in sequence on the 
test  r ig. Once the num ber of steps has been entered, pressing 
the ‘Enter ’ but ton will move to the ‘Recipe’ screens 
 
4 .2 .1  Test  Rig Panel Equipm ent  
• AC integrator 690+  Series 
The 690+  series is a single range of ac drives designed to m eet  the needs of m ost  
variable speed applicat ions from  sim ple single m otor speed cont rol through to the m ost  
com plicated integrated m ult i-drive system s. At  the heart  of the 690+  is a 32-bit  
m icroprocessor based, m otor cont rol algorithm, to which can be added a host  of cont rol 
opt ions that  allow the user t o tailor the drive to exact  requirem ents. Three phase (380-
500V)  rat ings are available from  0.37 to 355kW and single phase rat ings (220-240V)  
from  0.37 to 2.2kW. 
FULL TECHNI CAL SPECI FI CATI ON: 
Full technical specificat ion will be presented in APPENDIX A. Also, each screen will be 
shown and the funct ions on the screen ident ified.  
4 .3  Data Acquisit ion System  
Data from  the test  r ig will be fed to an external data m onitoring system . Transducers, 
nam ely an accelerom eter and angular speed encoder, have been fit ted direct ly on the 
test  r ig. Each t ransducer produces a voltage output  proport ional to the am plitude of the 
m easured param eter and each is connected to a data acquisit ion (DAQ)  system  by 
coaxial BNC cables to reduce signal noise.  
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Figure 4 .4  Setup for  experim ental gearbox test  r ig 
Accelerom eters -  Dynam ic excitat ion was m easured via two accelerom eters m odel PCB 
336C04)  which provided a 10 m V/ g output  over a frequency range from  1Hz to 20kHz 
(± 10% )  with one located direct ly on the side of the gearbox and the other located on the 
top of the induct ion m otor flange (near gearbox) . Each accelerom eter was connected to a 
screw- threaded brass stud bonded to the casing with ceram ic cem ent , a r igid connect ion 
which helped avoid over-heat ing of the accelerom eters. 
Shaft  Encoder  -  an increm ental opt ical encoder Type RI  32)  was used to m easure 
Instantaneous Angular Speed ( IAS)  over the range 10 Hz to 2 kHz. I t  was fit ted to the 
end of the induct ion m otor shaft  which had 360 opaque segm ents equally spaced around 
its perim eter to form  an encoder of sufficient  accuracy for sm all changes in shaft  speed 
to be recorded. No am plificat ion of the m easured I AS signal was required. The encoder 
was direct ly connected to the com puter via the DQS system .  
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Devices for  Current  and Elect r ical Pow er  Measurem ent   
A digital photo and diagram  of the three-phase current  m easurem ent  unit  are presented 
in Figure 4.5 and Figure 4.6 respect ively. The m otor current  and voltage in each phase 
are m easured using a PCB-m ounted hall-effect  current  t ransform er (CT) . A m easured 
value for  the current  in each line is fed into the DAQ unit , which converts this into a 
voltage m easurem ent ,  provides appropriate filtering and ant i-aliasing, and feeds the 
signals to the data collect ion channel of a data collector /  analyser.  Thus, this unit  can be 
used to m easure the instantaneous current  in each of the three phases, the 
instantaneous voltage of each of the three phases and the instantaneous elect r ical power 
supplied by each of the three phases. 
 
 
Figure 4 .5  Three- phase current  m easur ing unit  
I n Figure 4.6:  
VL1L2, VL2L3 and VL1L3 are line to line voltages;   
I L1, I L2 and IL3 are the three line currents. 
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Figure 4 .6  Diagram  of three phase m easurem ent  unit  
4 .3 .1  Data acquisit ion process 
The data acquisit ion system  is configured to take a m axim um  of 16 channels, of which a 
total of 11 will actually be used for this condit ion m onitoring applicat ion. A PC card is 
connected to a spare PCI  (Peripheral Card Interface)  slot  in the com puter. A DAQ has two 
parts:  hardware and software. The hardware consists of the data acquisit ion card and a 
host  PC com puter with cont rol software and data storage space. The software cont rols 
the data collect ion process and has basic data analysis tools such as spect rum  calculat ion 
for  online data inspect ion. The data acquisit ion card used in this study is a Nat ional 
I nst rum entat ion data acquisit ion card of PCI  6221. The sam pling rate is 500 kHz for each 
channel with 16 bit  data resolut ion and the input  voltage range is ±  10V. 
This configurat ion is shown in Figure 4.7:  
 
Figure 4 .7  Diagram  show ing test  r ig signals 
Gear Test Rig 
Channel 0  
Channel 1  
Channel 3  
Channel 2  
Channel 4  





Channel 1 1  
Channel 1 2  
Channel 1 4  
Channel 1 3  
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Channel 0 -  signal from  shaft  encoder (1 pulse /  revolut ion)  to determ ine average speed 
calculat ion. 
Channel 1-  Signal from  shaft  encoder (100 pulses /  revolut ion)  for I nstantaneous Angular 
Speed. 
Channel 2 -  Motor current . 
Channel 3 -  Vibrat ion signal from  gearbox. 
Channel 4 -  vibrat ion signal from  m otor flange. 
Channel 10 –DC Motor Arm ature current .  
Channel 11 –Autom ated load set t ing;  PLC >  Field cont roller. 
Channel 12 –speed feedback. 
Channel 13 -  Torque feedback 
Channel 14 – m otor current  feedback. 
Channel 15 –Autom ated speed set t ing;  PLC >  I nverter drive. 
These eleven signals are m easured from  the test  r ig and sent  to the data acquisit ion 
system  which is connected with a software package allowing the display of virtual 
inst rum ents on the com puter screen. The software com prises of the data acquisit ion logic 
and the analysis software, as well as other program m es which are used to configure the 
logic or  to m ove data from  the data acquisit ion m em ory to the com puter. A data 
acquisit ion cont rol program m e developed on Lab-windows was used in this research, and 
consisted of a m ain data inspect ion panel and a param eter set -up panel, as seen in 
Figures 4.8 and 4.9 respect ively. 
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Figure 4 .8  Screenshot  of m easured signals 
 
 
Figure 4 .9  Screenshot  of operat ing status 
The software is based on a Windows operat ing system  and has the abilit y to perform  on-
line data sam pling. I t  required m odificat ions such as inclusion of the channel num ber, 
sam pling frequency, data length and filenam es, all of which could be selected, recorded 
and stored on separate set -up page of the software package.  
The accelerom eter output  is an analog voltage signal which is converted to a digital 
signal using the ADC. The ADC is used for further processing and analysis of the data 
through the program m ing of different  algorithm s using the Mat lab software. 
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4 .4  Gear  Fault  Sim ulat ion  
I n this research, two different  severit ies of a local type fault  were sim ulated. Fault  
sim ulat ion was carried out  individually (one fault  at  a t im e)  and the faults were art ificially 
int roduced to the pinion gear of the first  stage in the gearbox shown in Figure 4.2. I n an 
ideal situat ion, the faults should be int roduced onto the sam e healthy pinion gear,  with 
one tooth. However, due to t im e and m achining lim itat ions, the faults were int roduced 
onto two ident ical pinion gears, by rem oval of a percentage of the tooth face width. The 
first  pinion gear had 50%  of one tooth rem oved and the second, 75%  of one tooth was 
rem oved. Although the defects look very large they not  influence the t ransm ission 
significant ly Because of a high overlap rat io the gearbox can st ill operate without  
not iceable signs of deteriorat ion even when a full tooth has been rem oved.  
I n order to easily describe faults during this fault  diagnosis study, the pinion gear faults 
are labelled throughout  this thesis as follows:  the health gear is referred to as the 
baseline, 50%  referred to as Fault  1 and 75%  broken tooth is Fault  2. These sim ulated 
faults are shown in Figure 4.10 respect ively. 
The data were collected for  the three gear sets:  Gear07, Gear08 and Gear09, which were 
all collected under the sam e gear operat ing condit ions. Gear08 and Gear09 were induced 
with 50%  and 75%  tooth breakage respect ively. Gear07 healthy gear is taken as the 
baseline for m odel developm ent . 
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Figure 4 .1 0  Sim ulated broken tooth ( Gear0 8 = 5 0 % , Gear0 9 =  7 5 % )  
4 .5  Gearbox Dataset   
Gearbox data can be divided into two types:  stat ic datasets and dynam ic datasets.  As 
shown in Table 4.4, the stat ic dataset  contains m ainly m easurem ents from  the cont roller 
and these were used to dem onst rate the perform ance characterist ics of the system . 
Addit ionally, this type of data can give a quick indicat ion of system  health. The dynam ic 
datasets are often used for CM as they can produce m ore details of the health condit ion 





Gear 0 8  
Fault  1  
5 0 %  
7 5 %  
Gear 0 9  
Fault  2  
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Table 4 .4  : Gearbox Datasets 
Stat ic datasets (cont rol param eters)  Dynam ic datasets 
Arm ature current  Shaft  speed 
Load set  Angular speed 
Speed feedback m otor current  
Torque feedback vibrat ion signal from  gearbox 
Motor Current  vibrat ion signal from  m otor flange 
Speed Dem and  
This research focused to use stat ic dataset  (cont rol param eters)  from  em bedded sensors 
and available in m ost  indust r ial applicat ions. Therefore the system  does not  require 
external sensors and accom panied sensor connect ion and this m akes it  easy and 
econom ical to be im plem ented in indust r ial environm ents. 
I n addit ion, cont rol param eters based m onitoring can also be im plemented away from  
the m onitored m achines for rem ote m onitoring.  
4 .6  Sum m ary 
I n this chapter,  a two stage helical reduct ion gearbox m anufactured by David Brown 
Radicon Lim ited, was selected for this study project .  A brief explanat ion of how the local 
fault  was sim ulated and how the data was collected is given in this chapter. The test  r ig 
facilit y and data acquisit ion software were developed as detailed. A num ber of 
m easurem ent  t ransducers were used on the test  r ig to m onitor the funct ioning of the 
gearbox for CM purposes.   
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CHAPTER 5 : CONDI TI ON MONI TORI NG USI NG DATASETS FROM A 
GEARBOX RI G 
This chapter presents a literature review of signal processing techniques which are used 
to m onitor the condit ion of geared t ransm ission system s based on vibrat ion signals. Then 
discusses the dynam ic and stat ic datasets collected from  the gearbox test  r ig. As the r ig 
has a typical drive system , the datasets are considered representat ive for  CM pract ices. 
Dynam ic dataset  were analysed to diagnose the condit ion of the gear:  healthy and faulty, 
using convent ional signal processing techniques such as t im e dom ain and frequency 
dom ain analysis.  
The stat ic data was also analyzed by com parison to evaluate the detect ion perform ances. 
This procedure of data collect ion and analysis allowed gaining a full understanding of CM 
datasets and paved the way for  developing a m ore effect ive AI  approach and efficient  
database.  
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5 .1 Convent ional Methods for  Monitor ing Gearbox 
5 .1 .1  Tim e- dom ain Analysis  
Tim e dom ain analysis of vibrat ion signals is one of the sim plest  and cheapest  fault  
detect ion approaches. Convent ional t im e-dom ain analysis at tem pts to use the am plitude 
and tem poral inform at ion contained in the gear vibrat ion t im e signal to detect  gear 
faults. The am plitude of the signal can be used to signal that  a fault  is present  and the 
periodicity of the vibrat ion can then indicate a likely source for  the fault  [ 138] . Tim e 
dom ain approaches are appropriate when periodic vibrat ion is observed and faults 
produce wideband frequencies due to periodic im pulses [ 138] . Use of the waveform  
enables changes in the vibrat ion signature caused by faults to be detected, but  it  is 
difficult  to diagnose the source of faults. 
Som e m echanical system s generate high vibrat ion levels throughout  their operat ion. 
When these system s develop a progressive fault , the result ing vibrat ion level is likely to 
increase consistent ly with t im e but  the increase in vibrat ion m ay be very sm all and 
difficult  to ident ify. I f the rate of developm ent  of the fault  vibrat ion is sm all, it  m ay not  
be possible to clearly determ ine a fault  sym ptom  from  variat ions in the waveform  of the 
signal [ 139] . 
Mechanical system s are term ed determ inist ic if their propert ies such as displacem ent , 
accelerat ion, etc. can be predicted over t im e. Mechanical system s such as a gearbox with 
a localised fault  reveal characterist ics which cannot  be est im ated over t im e. The 
characterist ics of such system s, term ed random  or non-determ inist ic, cannot  be 
accurately predicted, but  they can be est im ated by stat ist ical param eters and these 
param eters can be used to predict  fault  progression [ 140] . 
Stat ist ical indicators, which are com m only used for m echanical fault  detect ion and based 
on the t im e-dom ain waveform  include:  the Root  Mean Square (RMS) , Peak Value (PV)  ,  
Kurtosis and Crest  Factor (CF)  [ 141, 142] . These indicators are also referred to as 
“condit ion indices” , [ 143] . The vibrat ion signal from  a gearbox is processed and a single 
-  88 -  
DEGREE OF DOCTOR OF PHILOSOPHY (PHD) 
Machine Performance and Condit ion Monitor ing Using Motor Operat ing Parameters Through Art if icial I ntelligence Techniques  
_____________________________________________________________________________________________________ 
value returned to indicate whether it s condit ion is within norm al operat ing param eters or 
not . 
The condit ion index should increase as the fault  increases;  indicat ing the deteriorat ing 
condit ion of the gearbox. Som et im es this analysis can be perform ed by sim ple visual 
observat ion of the vibrat ion t im e-dom ain waveform , but  it  is m ore likely that  the t im e-
dom ain signal will be processed to provide a stat ist ical param eter ( feature)  which bears a 
known relat ion to the severity of the vibrat ion. 
5 .1 .1 .1  Peak Value ( PV)  
Peak value is defined as the m axim um  vibrat ion am plitude [ 143] :  
             PV =  ym ax ( t  )                                                                                         (5.1)  
        Where ym ax  is m axim um  am plitude of the signal. 
5 .1 .1 .2  The Root  Mean Square ( RMS)  
The RMS is the norm alized second cent ral m om ent  of the signal ( standard deviat ion) . 
RMS of the vibrat ion signal provides a m easure of it s overall energy and takes the t im e 
history of the vibrat ion signal into account . RMS value of the am plitude of the 
accelerat ion from  a given signal is expressed as [ 144] :  
( )∑= −  −= N1n 2x xnxN1MSR                                                                                  (5.2)  
∑=− = Nn nxNx 1 )(1                                                                                                      ( 5.3)  
Where 
N is the num ber of sam ples taken in the signal  
x(n)   is the am plitude of the signal for the nth sam ple 
x is the m ean value of the N am plitudes 
From  this definit ion it  is clear that  RMS is not  sensit ive to sudden short  durat ion, isolated 
peaks in the signal and, thus is often not  sensit ive enough to detect  incipient  tooth 
failure. RMS becom es m ore useful as tooth failure progresses and is a m easure of the 
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overall vibrat ion level of the system . I t  is therefore considered a very good descriptor of 
the overall condit ion of gearboxes and is sensit ive to changes in operat ional condit ions 
such as load and speed [ 145] . 
5 .1 .1 .3  Kurtosis 
Kurtosis is a m easure of the “peakedness”  of the signal, the higher the value of the 
kurtosis the sharper the peak and the longer the tails of the signal, the lower the kurtosis 























                                                                      (5.4)  
The use of the fourth power m akes Kurtosis very sensit ive to the peakedness of the 
signal. Random  noise following a Gaussian dist r ibut ion has a kurtosis value equal to 3.0. 
A vibrat ion signal collected from  a norm al gear usually shows uniform  pat tern, and the 
value of kurtosis t ends to be 3.0 or lower. However, with a gear fault  kurtosis increases, 
suggest ing that  the dist r ibut ion of the vibrat ion is no longer follow Gaussian. This is 
m ainly due to the im pulses ( isolated peaks with high am plitude)  generated by the 
affected gears. However, this m ethod is oft en of lit t le, or  no, use since the incipient  
defects becom e severe before the kurtosis crosses a threshold level found with 
acceptable gears [ 146] .  
5 .1 .2  Frequency Dom ain Analysis  
The spect ral content  of the m easured signal is m uch m ore useful than vibrat ion 
am plitude for determ ining gear condit ion. Therefore, instead of analyzing vibrat ion 
direct ly in the t im e dom ain, this approach analyses the Fast  Fourier  Transform at ion (FFT)  
of the vibrat ion signal. Using these techniques, it  is possible to ident ify defects such as 
eccent r icit y, m isalignment , or local tooth dam age by increases of m odulat ion sidebands 
in the spect rum . Local defect  such as fat igue cracks and gear tooth breakages are often 
m anifested in the vibrat ion spect rum  of a gear, by causing the am plitude of a part icular 
frequency or sideband around the gear m eshing frequency (and it s harm onics)  to 
change. These sidebands are located on both sides of the gear tooth m eshing frequency 
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and it s harm onics, and are separated by integer m ult iples of the gear rotat ion frequency. 
Sidebands caused by either am plitude m odulat ion or frequency m odulat ion of the 
vibrat ion signal often provide useful inform at ion. I ndeed, Randall claim s that  the first  
three gear m eshing harm onics and their sidebands provided enough inform at ion for 
successful gear fault  ident ificat ion [ 147] . Thus, t racking and recognizing the changes in 
am plitude of a part icular frequency or eccent r ic sidebands in the signal can provide a 
good indicator of potent ial gear failure. However, in pract ice, the spacing of the side 
bands depends on periodic propert ies of the loading and on the t ransm ission path, so it  is 
very difficult  to ext ract  m eaningful inform at ion direct ly from  analysis of vibrat ion spect ra 
based on FFT. When the signal to noise rat io (S/ N)  is low and the vibrat ion spect rum  has 
a large num ber of frequency com ponents due to the com plexity of the system , it  
becom es alm ost  im possible to dist inguish the peaks from  potent ial fault  from  peaks from  
other sources. This is the m ost  difficult  problem  associated with the FFT based fault  
detect ion approach.  
5 .2  Convent ional Methods for Monitoring Gearbox using dynam ic data  sets 
To bet ter  understand gearbox CM using t radit ional diagnost ic techniques, experim ental 
work was conducted on the sam e gearbox test  r ig as had originally been designed and 
previously used to m onitor the health of a two-stage helical gearbox using convent ional 
techniques of vibrat ion m onitoring.  
The goal of the exper im ent  was to m onitor  the gear under healthy condit ions and 
com pare the results with those obtained when a realist ic fault  was int roduced fault  
(breakage in one gear tooth)  under sim ilar operat ing condit ions. Generally, m any types 
of fault  can be observed in gearbox operat ion, a broken tooth, a crack, scuffing, wear, 
etc. I n this experim ent ,  a broken tooth was sim ulated to the 1st gear because it  is a very 
com m on fault  in gearboxes, and data was collected under different  loads. This sim ulated 
fault  is shown in Figure 5.1. 
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Figure 5 .1  Sim ulated broken tooth 
Convent ional techniques used in this work include the waveform  com parison in the t im e 
dom ain and spect rum  analysis in the frequency dom ain. I n addit ion, a direct  com parison 
is m ade of the stat ic data based CM.  
5 .2 .1 Detect ion in the Tim e dom ain 
When a gearbox is operat ing under faulty condit ions, it  is expected that  the vibrat ion will 
be large and hence stat ist ical param eters that  describe the characterist ics of signals will 
vary accordingly. I n this sect ion, the vibrat ion waveform s are exam ined to confirm  this 
hypothesis and three stat ist ical param eters have been calculated. The peak value and 
root  m ean square (RMS)  were calculated to reflect  the st rength of the signal am plitude, 
with peak value m easuring predom inant ly local changes while RMS m easured m ost ly 
overall changes in the system . In addit ion, the kurtosis was calculated to highlight  local 
changes, and the peak factor, t o provide a general m easure of overall changes. Both 
kurtosis and peak value were calculated to reflect  signal st ructures with dim ensionless 
param eters to avoid the influence of operat ing param eters. 
5 .2 .1 .1  Vibrat ion w aveform s 
Vibrat ion waveform s for a healthy and faulty gear were collected from  the t ransducer 
m ounted on the gearbox casing with different  current  load operat ion condit ions as shown 
in Figure 5.2. I t  can be seen that  there are certain differences between the signal 
am plitudes due to the load variat ions for  both gear condit ions. Addit ionally, the 
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By com paring the two condit ions it  can be seen that  all the waveform  of the signals 
exhibit  som e distort ion but  there are no clear fault  indicat ions even under high load 
condit ions.  
 
Figure 5 .2  Vibrat ion signals for  healthy and faulty gears 
For a m ore accurate understanding of the im pact  of the load variat ion on the faulty gear, 
the RMS, kurtosis and peak values were found for the vibrat ion signals to give a m ore 
clear and reliable indicat ion of the gear condit ion. 
For any m echanical faults such as gears faults produce backlash forces in the system  
which appeared as distort ion (change)   in the original signal shape as a result  that  




























(b) Vibration under load of 21.3(%)












(c) Vibration under load of 29.9(%)












(d) Vibration under load of 37.6(%)












(e) Vibration under load of 43.5(%)
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repeated im pulse will be seen in the vibrat ion signal of the gear every revelat ion. To 
understand the characterist ics of the t im e signal which produced by such defects, num ber 
of the specific indicators m ay use in order t o indicate the gear box condit ion and the fault  
sym ptom s. As the m achine is operat ing under any defect , variable stat ist ical propert ies 
will be expected, such as peak value, RMS, and Kurtosis are est im ated to present  m ore 
clear and reliable judgment  of the gear condit ion. 
Figure 5.3 shows the peak value, RMS and kurtosis values of the signal from  the healthy 
and faulty gears m easured by the t ransducer,  located on the gearbox casing. I t  can be 
seen that  these stat ist ical param eters varied with load, but  there is no im m ediate or clear 
pat tern to the fluctuat ions. 
I n general these stat ist ical param eters varied with different  load, although there are 
fluctuat ions in these values from  one load condit ion to the next . The peak values shows 
significant  fluctuat ing during the load variat ion where the value of the peak value is not  
constant  during the var iable load for that  it  cannot  gives good indicat ion about  the gear 
condit ion. On the other hand the RMS value exhibits slight  increase in the vibrat ion 
am plitude during faulty condit ion than healthy condit ion which it  m ay be considered as a 
fault  indicat ion. 
Looking to the Kurtosis value gives the best  indicat ion of the gear condit ion where it  can 
be seen from  the figure that  there are considerable increase in the am plitude of the 
vibrat ion signals due to load variat ion. 
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Figure 5 .3  Peak, RMS and Kurtosis of vibrat ion signal from  gearbox 
5 .2 .1 .2  Motor  Current  W aveform  
Figure 5.4 shows the t im e-dom ain of the stator current  signal for the two cases:  healthy 
and faulty condit ions of the pinion gear. These waveform s show difference (distort ion)  
from  a pure sine wave but  no clear sym ptom s of the fault  appeared even under different  
loads. 
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Figure 5 .4  Stator  current  signals for healthy and faulty gears 



























(b) Cureent under load of 21.3(%)












(c) Cureent under load of 29.9(%)












(d) Cureent under load of 37.6(%)












(e) Cureent under load of 43.5(%)
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Figure 5.5 shows the Peak, RMS and Kurtosis values of the m otor current  signals at  
different  current  load condit ions for  the healthy and a faulty gear. I t  can be seen that  for 
all loads the Peak, RMS and Kurtosis for  m otor current  are sim ilar in both healthy and 
faulty condit ions, m ainly at  sm all load. A slight  difference in the RMS current  value 
appears as the load increased but  this difference is not  sufficient ly significant  to be 
considered as a fault  indicator.  
 
 
Figure  5 .5  Peak, RMS and Kurtosis of stator  current  signals 
5 .2 .2  Detect ion in the Frequency dom ain 
5 .2 .2 .1  Character ist ic Frequencies 
Figure 5.6 shows a schem at ic diagram  of the two-stage gearbox under study. The 
essent ial frequencies of the vibrat ions and current  signals of the gear box can be 
evaluated via Equat ions from  (5.5)  t o (5.7) . And the first , second and third values of the 
shaft  rotat ional frequencies:  f r1,  f r2,  f r3 can be determ ined as 
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 ��1 = Rotor mechanichal speed60                                            (5.5)  
��1 =  1465
60
 ≈   24.42 �� 
 
 





2 . rr f
z
zf =          (5.6)  
 ��2 = �58
47
�  24.42 = 30.135�� 





�24.42 = 6.64��  
Where: 
(��1, ��2, ��3  ) Are the three first  values of the rotat ional speed in hertz, and ��        =         number of teeth on the pinion gear at the first stage,  
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And the m eshing frequencies for the first  and second stage are ��1 = ��1,.�1 =  24.42 × 58 = 1416.36��        (5.8)  ��2 = ��2,.�3 =  30.135 × 13 = 391.76��                                                               (5.9)  
Table 5 .1  : Tw o-  stage helica l gearbox  specificat ion 
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5 .2 .2 .2  Vibrat ion Spectrum  
The frequency dom ain analysis for  vibrat ion signals of the healthy and faulty gear was 
carried out  using the Fast  Fourier Transform  (FFT) . The full spect rum  of the vibrat ion 
based on averaged healthy and faulty vibrat ion signals are shown in Figure 5.7. I t  can be 
ext racted from  the figure that  the dom inant  com ponents in the spect rum  are the 
t ransducer resonance responses. Furtherm ore, there are clear discrete com ponents at  
low frequencies range. As a result , from  analysis of the figures there are clear sym ptom s 
about  the gear condit ion, can be ext racted espsially at  high load condit ions and these 
sym ptom s refer to the presence of fault  in the gear num ber one at  first  stage. The next  
invest igat ion analysis is focused on the low frequency range. Part icularly, to study and 
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find the variat ion characterist ics at  the rotat ional and m eshing frequencies those have 
calculated before ( in sect ion 5.1.2.1)  and their harm onics. 
 
Figure  5 .7   FFT spectral analysis of vibrat ion signals from  a healthy and faulty 
gearbox  
5 .2 .2 .3  Current  Spect rum  
I t  can be seen from  Figure 5.8 that  the current  spect rum  is r ich with discrete frequency 
com ponents (0 to 100Hz) . At  different  load condit ions, in gnarl all the graphs show slight  
increase in the harm onics am plitude at  high load, and this increase in the am plitude 
could be an evident  about  occurrence of fault . 
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Figure 5 .8  Spectral analysis of stator  current  signal m easured for healthy and 
faulty condit ions  
5 .3  Convent ional Methods for Monitoring Gearbox using stat ic datasets 
The healthy gearbox for  the following variables:  DC m otor arm ature current ;  load set ;  AC 
m otor speed feedback;  AC m otor t orque feedback;  AC m otor current ;  AC m otor speed 
dem and. The sam e var iables are m easured after  the fault  ( int roducing a break in one 
gear tooth from  the gearbox prim ary drive set )  was im plem ented in the gearbox and the 
results are shown in Figures 5.9, 5.10 and 5.11. 
The com m ands included in the PLC program  are set  m anually on the operator screen and 
their relevant  details are shown in table 5.2. 
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Table 5 .2  : Sim ulat ion data  set  for a ll Healthy and faulty gear sets 
Step Speed ( % )  Load ( % )  Tim e ( s)  
1  100 0 60 
2  100 44 60 
3  100 60 60 
4  100 72 60 
5  100 77 60 
 
 
Figure 5.9 shows the load set , arm ature current  and torque feedback condit ions for a 
healthy and a faulty gear. I t  can be seen that  the load set  was sim ilar in both healthy 
and faulty condit ions. There was a slight  difference in the arm ature current  but  this 
difference is not  sufficient ly significant  to be considered as a fault  indicator.  Torque 
feedback gives the best  indicat ion of the presence of the fault , and it  can be seen from  
the figure that  there are increase in the Torque feedback signals. 
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Figure 5 .9  Lode set , Arm ature  current  and Torque feedback for  healthy and faulty 
gear condit ions 
Figure 5.10 shows the Speed Feedback, Speed Dem and and Motor Current  condit ions for  
a healthy and a faulty gear.  By com parison of the two condit ions it  can be seen that  
there is a slight  difference between the healthy and faulty condit ion for all 
m easurem ents. 
Figure 5.11 shows Motor Speed and Phase Current  obtained from  Dynam ic Signals. I t  can 
be seen that  there is a consistent  slight  difference between the healthy and faulty 
condit ion for  all m easurem ents.  
Figures below give the two actual m easured current  signals and it  is obvious that  the 
values for the m otor actual current  for a faulty gearbox becom e greater than the actual 
m otor current  when a healthy gearbox is installed in the elect r ical drive. This was 
expected because the torque feedback is increasing and the cont roller has to produce 
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higher dem and values in order t o com pensate for  a faulty m echanical t ransm ission. The 
stat ic data signals follow the sam e pat tern therefore it  is possible to use them  instead of 
actual m otor current  for fault -detect ion purposes and m ore details about  the usefulness 
of using these signals are presented in next  Chapter .     
 
Figure 5 .1 0  Speed Feedback, Speed Dem and and Motor Current  condit ions for 
healthy and faulty gear  
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Figure  5 .1 1  Motor Speed and Phase Current  obtained from  Dynam ic Signal 
5 .3  Sum m ary 
The t im e dom ain analysis leads to popular stat ist ical feature param eters such as peak 
value, RMS and kurtosis. The frequency dom ain analysis (standard Fourier t ransform )  
analysis produces spect ral features including am plitudes at  m eshing frequencies, their 
harm onics and their associated sidebands. The set  of these features is evaluated in the 
separat ion of faults under different  condit ions. This study dem onst rates that  convent ional 
m ethods are not  able to show the presence and progression of t ooth breakage faults in 
gears and dem onst rates the need for  further developm ent  of analysis. The analysis of the 
dynam ic datasets in convent ional m ethods such as those waveform s in the t im e dom ain 
and spect rum  in the frequency dom ain shows good detect ion and diagnosis results. 
However, the am plitude of the features is not  sufficient ly high for  reliable diagnosis.  
The prim ary study of t he stat ic data also shows certain detect ion inform at ion but  not  
provide enough knowledge about  the root  of the faults. 
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AI  technologies including art ificial neural network (ANN) , fuzzy logic and Adapt ive Neuro-
fuzzy inference system  (ANFIS)  are also developed rapidly due to the advances in 
com put ing technologies. I t  is im portant  to apply these technologies to the CM data to 
achieve m ore accurate and efficient  CM. 
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CHAPTER 6 : MODEL BASED METHOD FOR GEARBOX FAULT 
DETECTI ON USI NG MOTOR OPERATI NG PARAMETERS AND GENERAL 
REGRESSI ON NEURAL NETW ORK  
This chapter exam ines the perform ance of a m odel based m ethod by applying it  to the 
detect ion and diagnosis of different  faults in a gearbox dataset . The m odel is developed 
using General Regression Neural Network (GRNN)  to capture the com plicated connect ions 
between m easured variables.  
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6 .1  I nt roduct ion  
A generalised regression neural network (GRNN)  is a term  first  used by Specht  [ 125] . I t  
is a feed- forward type and a variant  of the radial-basis funct ion (RBF)  type NN which, 
according to [ 127] , can be designed in a fract ion of the t im e it  takes to t rain a standard 
feed- forward NN. I t  was also chosen for this work because it  is one of the sim plest  NNs 
to use [ 126] . The GRNN uses supervised learning. To discover the generalisat ion 
capabilit y, or accuracy, of the NN in predict ing the output  after t raining has taken place, 
it  m ust  be shown a test ing dataset  which contains only NN input  data. This test ing data is 
processed and a num ber of outputs, equal to the num ber of sam ples used for test ing, are 
generated. The errors between the actual outputs from  the t raining dataset  and the 
predicted outputs based on the test ing dataset  are determ ined and used to indicate the 
accuracy of the NN predict ion.  
6 .2  A General Regression Neural Netw ork  ( GRNN)  
The GRNN is well suited to interpolat ion.  I t  is based on the est im at ion of a probabilit y 
density funct ion of a vector random  variable, X,  and a scalar random  variable, Y.   I f the 
joint  probabilit y density funct ion of these variables is both known then the condit ional 
probabilit y density funct ion and the expected value can be com puted.  According to 
Specht  [ 125] , the est im ated value of Y for a given X  is presented in the following general 









X / Y                                                           (6.1)  
Where:  [ ]XY /E
  =  condit ional m ean of Y on X 
f X Y( , )   =  known joint  cont inuous probabilit y density funct ion 
When it  is unknown, the probabilit y density funct ion, f(X,Y) ,  is est im ated from  sam ple 
observat ions of X and Y.   For a non-param et ric est im ate of f(X,Y) ,  the Parzen est im at ion 
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[ 148] , ′f X Y( , ) ,  is used by the GRNN.  I t  is defined by the following equat ion for the 
observed sam ple observat ions, Xi and Yi of the vector X and scalar Y:  
  ( ) ∑=++ ⋅=′ ni YXpp ffnYXf 112 1 12 1),( σπ                                              (6.2)  
Where:  
( ) ( ) −−−= 22exp σ iTiX XXf XX                                          (6.3)  
and 
( )  −−= 2 22exp σ iY Yf Y                                                    (6.4)  
and 
n  =  the num ber of sam ple observat ions 
p  =  the dim ension of the X vector 
σ  =  the standard deviat ion (or sm oothing param eter)  
An est im ate for the desired m ean of Y at  any given X  is derived in Equat ion (6.5)  by 
com bining Equat ions (6.1)  and (6.2)  and perform ing the integrat ion after  first  































                                         (6.5)  
Where the scalar funct ion Di
2
 is given by:  
( ) ( )iTii XXD −−= XX2                                           (6.6)  
The m ain algorithm  of the GRNN m odel is expressed by Equat ions (6.5)  and (6.6) .   The 
est im ate ( )Y X  is a weighted average of all the observed sam ples, Yi,  where each sam ple 
is weighted in an exponent ial m anner according to the Euclidean distance, Di,  from  each 
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Xi.  This appropriate weight ing is explained by the inversely proport ional relat ionship 
between the expression exp − Di 222σ  and D i.   That  is, as D i increases, exp − Di 222σ  
decreases and vice-versa. An opt im um  value m ust  be obtained for  the sm oothing 
param eter, σ.   σ Must  be greater than 0, and will usually range between 0.01 and 1 with 
good results. Larger values of σ im prove the sm oothness of the regression surface.  
[ 150] . 
Figure 6.1 represents the neural network architecture of the GRNN algorithm  of 
Equat ions (6.5)  and (6.6) .  The Euclidean distance, D i,  is com puted by the links between 
the input  layer and the first  hidden layer.  Based on observed sam ples, Xi,  and sm oothing 
param eter, σ,  the expression, exp − Di 222σ  is com puted.  A node in the second hidden 
layer takes the sum  of the exponent ial values of all sam ples.  Other nodes in this sam e 
layer, com pute the products of the exponent ial values and the corresponding observed Yi 
for  each sam ple observat ion.  The node in the third hidden layer com putes the sum  of all 
these product  values (B) , which is then supplied to the output  node where the rat io 
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The suitabilit y of the GRNN, however, is at t r ibuted to several im portant  features that  
m ake it  convenient  for online im plem entat ion. I n the GRNN network only a single 
param eter is est im ated. Unlike other networks, a once- through, non- iterat ive t raining 
process with a highly parallel st ructure is involved.  Unlike m any convent ional regression 
analyses, the specificat ion of the underlying regression funct ion, bounds of the 
independent  variables, init ial convergence values and convergence criteria are not  
required beforehand. Addit ionally, the algorithm  provides sm ooth t ransit ions from  one 
observed value to another even with sparse and noisy data in a m ult idim ensional 
m easurem ent  space and can be used for any regression problem  where an assum pt ion of 
linearity is not  j ust ified. [ 149]  
6 .3  Data Character ist ics 
The data were collected for the three gear sets:  Gear07, Gear08 and Gear09. The 
variables used were:  DC m otor arm ature current , load set , AC m otor speed feedback, AC 
m otor torque feedback, AC m otor current  and AC m otor speed, see Table 6.1.  
I n addit ion, an addit ional tem perature m easurem ent  is added to the system  for m ore 
accurate detect ion. 
Gear08 and Gear09 had tooth breakages of 50%  and 75%  respect ively (see Sect ion 4.5 
and Figure 4.13) . Gear07, a healthy gear was taken as the baseline for m odel 
developm ent . For data collect ion, the full speed (1465 rpm )  was used and the loads were 
sequent ially varied:  0% , 44% , 60% , 72% , and 77%  of the full load (100% ) . With each 
different  load, the other param eters as shown in Table 6.1 were varied as shown in 
Figure 6.2. I t  can be seen that  load related param eters have an increasing t rend. This 
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Table 6 .1  : Data plot  signals and scaling factors 
Value Descr ipt ion Scaling 
Arm ature 
current  
Measured current  in DC m otor 
arm ature from  a C.T. m ounted on the 
resistor bank. 
0 – 100%  =  0 to 200A 
Load set  Load set  by the test  r ig PLC and 
output  to the DC m otor field 
cont roller  
0 – 100%  =  0 to 4.0A 
Field current  
Speed 
feedback 
AC m otor speed feedback indicated 
by the AC inverter 




AC m otor t orque feedback indicated 
by the AC inverter 
0 – 100%  =  0 to 71.5 Nm  
(Full- load- torque)  
Motor 
current  
AC m otor t orque feedback indicated 
by the AC inverter 
0 – 100%  =  0 to 20.9 A 
Speed 
dem and 
Speed output  from  the test  r ig PLC to 
the AC Inverter 
0 – 100%  =  0 to 1470 
RPM  
Tem perature Tem perature of gearbox oil 0-100% = 0 to 100 c0 
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Figure 6 .2  A typical data  set  obta ined from  control system  
To fully evaluate the NN perform ance, it  was considered sufficient  to explore the use of 
only three of the param eters (Arm ature current  (AC current ) ,  load set  point  and gearbox 
tem perature) .  Figure 6.3 respect ively shows eight  data sets collected from  eight  
independent  tests on Gear07. I t  can be seen that  each data set  shows a gradual increase 
in the Arm ature current  with increase in load and tem perature of the gearbox. The rate 
of Arm ature current  increase with load set t ings is very high and nonlinear, which 
indicates a correlat ion between Arm ature current  and load set t ing that  would not  be easy 
to m odel sim ply.  
I n addit ion, the tem perature has a not iceable effect  on the current . Figure 6.3 shows a 
slight  inverse influence on the current  which decreases at  higher tem peratures. This 
reduct ion in the rate of change again indicates a m ore com plicated m odel is required to 
describe the connect ions between elect r ical current , load set t ings and tem perature 
influences.  
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Figure 6 .3  Data  characterist ics Gear  0 7 : current , tem perature  and load 
Figure 6.4 shows m ore details of the tem perature influence. I t  can be seen that  the 
current  decreases with the increase in tem perature at  each load set t ing. I t  m ay be due to 
that  the dam ping effect  of lubricat ion decreases with tem perature. Nevertheless, the 
correlat ion is nonlinear.  As this tem perature effect  is very clear, it  will certainly im pact  
the m odel developm ent . Fault  detect ion should include this effect  to obtain m ore 
accurate results.  
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6 .4  GRNN Model developm ent  for  fault  detect ion and diagnosis. 
The GRNN m odel was developed using MATLAB software and the baseline datasets from  
Gear07. The m odel has two inputs:  tem perature and load set  points and one output :  AC 
current . To t rain the m odel, the datasets from  Gear07 were used as the baseline for 
m odel developm ent .  I n total, there were 2088 data sam ples from  eight  test s of different  
runs. The 2088 data points are divided into two equal subsets of 1044 points:  one for 
m odel t raining and the other for m odel verificat ion.  
After  several tuning cycles, it  was found that  for  a GRNN spread param eter of 0.7, the 
network produced a balanced predict ion in generalizat ion and accuracy for the first  
subset  of data. As shown in Figure 6.5, the m easured values are all on the m odel surface 
which was used as the t raining data set .  
On the other hand, the m odel has only very sm all output  if there is not  t raining set , 
which m eans that  if there is deviat ion of the inputs the output  will be sm all and the 
difference between m easured output  and predicted output  will be large.  
 
Figure 6 .5  GRNN t ra ining result  
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6 .5  Est im at ion of detect ion threshold 
To confirm  the m odels perform ance, the second dataset  was used as the input  and 
output  of the m odels developed from  the first  data set . To m easure the qualit y or 
accuracy of the m odel in fit t ing the second data set  and detect ing abnorm alit ies in new 
datasets, a threshold was developed based on the first  data set .  This was achieved by a 
com parison between the actual current  and the predicted current . I n part icular, a 
threshold (Dth)  was defined as shown in Equat ion (6.9) , equal to three t im es of the root  
m ean squared value between the real m easurem ent  and the m odel predict ion:  
��ℎ = 3 ∗ RMS = 3�1�∑ (��� − ���)2��=1                                                                 (6.9)  
Where:  
N =  The num ber of sam ple. 
Imi=  The actual value determ ined from  m easurem ents. 
Ipi =  the predicted value using the NNs. 
6 .5 .1  GRNN evaluat ion  
Figure 6.6 shows m odel verificat ion results calculated using the second data set  from  
Gear07. I t  can be seen that  m ost  of the errors are within the threshold (Dth) , the m ean 
and standard deviat ion (STD)  of the GRNN m odel residuals are 0.0054 and 0.0653 
respect ively. However, the distances from  the residual values to zero of GRNN are sm all, 
which m eans that  the m odel fit ted the data very well. There are a num ber of data points 
exceeding the threshold. These m ay be regarded as the out liers due to load t ransients 
when the tem perature takes a short  t im e to respond and there is a delay in current  
increase.  
I n general the m odel is sufficient ly accurate for im plem ent ing fault  detect ion for new 
data sets from  other two gear sets.  
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Figure 6 .6  GRNN Model ver ificat ion using second data  set  from  Gear0 7  
 
6 .6  Fault  Detect ion and discussion 
6 .6 .1  Fault  Detect ion on Gear0 8  using GRNN 
Figure 6.7 presents m easured and predicted currents for Gear08 with 50%  tooth 
breakage. I t  can be seen that  the predicted current  is close to the m easured, but  there 
are m any m easurem ents which were significant ly different  from  the predicted values. 
I n the lower part  of Figure 6.7 the residual data is shown and it  can be clearly seen that  
a significant  num ber of data points exceed the threshold. Com parison with Figure 6.6 
indicates there is a fault  in Gear08. The m axim um / m inim um  values of GRNN residual are 
of 0.4552/ -0.3493 for t he gear-08, which indicates that  the residual range for this gear is 
of 0.8045. The m ean and STD residual values of GRNN m odel residuals are 0.0550 and 
0.1406 respect ively, which indicates that  the m odel is sensit ivit y to presence of a fault .  
 






















-  117 -  
DEGREE OF DOCTOR OF PHILOSOPHY (PHD) 
Machine Performance and Condit ion Monitor ing Using Motor Operat ing Parameters Through Art if icial I ntelligence Techniques  
_____________________________________________________________________________________________________ 
 
Figure 6 .7  GRNN Evaluat ion of results for  Gear0 8  –  5 0 %  tooth breakage 
6 .6 .2  Fault  Detect ion on Gear0 9  using GRNN 
Figure 6.8 presents the m easured and predicted Arm ature currents for  Gear09 on which 
there was a 75%  tooth breakage. I t  can be seen clearly that  the predicted current  has 
large differences from  the m easured one.  
The lower part  of Figure 6.8 presents only the residual data so that  the details of the 
data points exceeding the threshold can be seen m ore clearly. Com pared with Figure 6.6, 
m any m ore successive data points exceed the thresholds, which indicate that  there is a 
m ore severe fault  in Gear09 than in Gear08. 
The m axim um / minim um  values of GRNN residual are of 0.3923/ -0.8203 for the gear-09, 
which indicates that  the residual range for  this gear is of 1.2126. 
However, com pared with (Gear08) , the residual range for gear09 bigger than the 
residual range for gear08, which indicate that  there is a m ore severe fault  in Gear09 than 
in Gear08. 
 





















Residual gear No. 08
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Figure 6 .8  GRNN: Evaluat ing results of Gear 0 9  –  7 5 %  tooth breakage 
6 .7  Sum m ary 
This chapter has dem onst rated that  it  is possible to use stat ic data, m ainly 
m easurem ents from  the Cont roller see sect ion 4.4 chapter 4 for  m onitoring m echanical 
faults in gearbox t ransm ission system s. Based on data characterist ics and future 
integrat ion requirem ents, the GRNN approach to gearbox fault  detect ion and diagnosis 
has been dem onst rated using stat ic datasets obtained for  m otor operat ion. The m odel 
developed using baseline data, captures the nonlinear relat ionships between AC current , 
load set t ing and gearbox tem perature.  
The GRNN m odel was t rained using the first  half of data from  Gear07 and verified using 
the second part  of data from  Gear07. The GRNN m odel was applied to generate residuals 
by com paring current  m easurem ents with the pat ters obtained from  the t raining.  
Once a fault  has been int roduced into the gear the output  (current )  will change and 
produce a difference ( “ error” )  between m odel predict ion and m easured value. Thus one 
can find whether Gear08 or Gear09 has the m ore severe fault  by determ ining which has 
the higher residual values between m odel predict ions and test  m easurem ents. 






















Residual gear No. 09
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The sim ulat ion results show that  the GRNN m odels are accurate and reliable est im ators 
of com plex gearbox processes, and it  dem onst rates the effect iveness of the proposed 
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CHAPTER 7 : GEARBOX FAULT DETECTI ON USI NG STATI C DATA AND 
BACK PROPAGATI ON NEURAL NETW ORK 
This chapter exam ines the perform ance of a back propagat ion neural networks (BPNN)  
m odel when applied to the detect ion and diagnosis of different  faults in a gearbox. The 
m odel is developed using Neural Networks (NNs)  t o capture connect ions between 
m easured variables. 
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7 .1  Back  Propagat ion Neural Netw ork ( BPNN)  
The back propagat ion neural network (BPNN)  is a popular NN and was chosen to serve as 
a com parison to the GRNN. Like the GRNN it  is a m ult i- layer feed- forward network [ 150] , 
but  it  uses the back propagat ion algorithm  and the t raining speed of GRNN is faster than 
 BPNN. The back propagat ion technique has been applied to m any pat tern detect ion 
problem s [ 152] . Generally it  is called the Feed Forward Back propagat ion neural network, 
sees Figure 7.1, and contains input , hidden and output  layers.   
The architecture of the ANN can be changed to suit  the needs of the applicat ion it  is to be 
used with. Variables include the num ber of layers, the num ber of neurons in each layer 
(deciding on the num ber of neurons in each layer is a very im portant  part  of deciding on 
the overall network architecture. Using too few neurons in the hidden layers will result  in 
under fit t ing and using too m any neurons in the hidden layers can result  in over fit t ing. 
Obviously, som e com prom ise m ust  be reached between too m any and too few nodes in 
the hidden layers) ,  the t ransfer funct ion for  each layer (used to calculate output  from  
input ) , the learning funct ion, the num ber of t im es the t raining process is repeated 
(epochs) , and the error goal ( the designated error value) . Because each and every one of 
these param eters can be varied, it  is obvious that  to opt im ise a BPNN involves a m uch 










Figure 7 .1  : Architecture  of BPNN 
I nput
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7 .2  Learning process of a BPNN  
The learning process of a BPNN is seen in Figure 7.2. I n the t raining stage, the t raining 
data is passed into the input  layer. I t  is propagated to both the hidden and the output  
layer. I n this stage, each node in the input , hidden and output  layer calculates and 
adjusts the appropriate weight  between nodes and generates the output  value of the 
result ing sum . The actual output  values are com pared with the target  output  values. The 
error between these outputs will be calculated and propagated back to the hidden layer 
in order t o update the weight  of each node [ 152] . 
The standard back propagat ion algorithm  for t raining the network is based on the 
m inim izat ion of an energy funct ion represent ing the instantaneous error.  I n other words, 
it  is desired to m inim ize a funct ion defined as [ 152] :  
 �(�) = 12� ��� − ���2��=1                                                          (7.1)  
Where:   
dq represents the desired network output  for the q th input  pat tern, and  
yq is the actual output  of the neural network.  
Each weight  is changed according to the rule ( reference?) :  
��� = −� ������                                                                                  (7.2)  
Where:  
k is a constant  of proport ionalit y,  
E is the error funct ion and  
w i j  represents the weights of the connect ion between neuron j  and neuron i.  
 
The weight  adjustm ent  process is repeated unt il the difference between the node output  
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Figure 7 .2  Learning process of the back  propagat ion neural netw ork  
The back propagat ion t raining algorithm  [ 153]  can be sum m arized as follows:  The input  
data sam ple is presented to the network and the network’s output  ( from  the output  
layer)  is com pared with the desired output  and the error is calculated for each output  
neuron. Next  a scaling factor called the local error is calculated for  each neuron. This 
indicates how m uch, higher or lower, the actual output  m ust  be adjusted to m atch the 
desired output . The weights are m odified to lower this local error. This process is 
repeated unt il the error falls within the acceptable value (pre-defined threshold)  which 
would indicate that  the NN has been t rained successfully. I f the m axim um  num ber of 
iterat ions is reached before the error falls within the acceptable value, the t raining was 
not  successful. 
7 .2  Data Character ist ics 
 Data are as described in chapter six,  sect ions 6.3. (For m ore inform at ion and figures see 
Appendix B)  
7 .3  BPNN Model Developm ent   
The BPNN m odel was developed using MATLAB software based on the baseline datasets 
from  Gear07. The m odel has two inputs:  tem perature and load set  points and one 
output :  AC current . To t rain the m odel, the datasets from  Gear07 are used as the 
baseline for m odel developm ent . As described in Chapter 6 there are, in total, 2088 data 
sam ples from  eight  test s of different  runs and these are divided into two equal subsets of 
1044 points:  one for  m odel t raining and the other for m odel verificat ion. 
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Figure 7.3 presents a snapshot  of the t rained BPNN and it  is to be noted that  the num ber 
of iterat ions required for the t raining process was 20. I t  can be seen that  the m ean 
square error in fault  detect ion achieved by the end of the t raining process was 0.000964 
and that  the num ber of validat ion check fails were six by the end of the t raining process. 
Fig 7.4 shows the t raining perform ance plot  of the neural network. I t  can be seen that  
the BPNN did achieve the desired Mean Square Error (MSE)  goal by the end of the 
t raining process.  
The result  of the t raining process is presented in Figure 7.5. Obviously, the outputs of 
BPNN m odel are alm ost  ident ical with the m easured values, which indicate that  BPNN 
m odel has been well t rained.  
 
Figure 7 .3  Overview  of the BPNN 
-  125 -  
DEGREE OF DOCTOR OF PHILOSOPHY (PHD) 
Machine Performance and Condit ion Monitor ing Using Motor Operat ing Parameters Through Art if icial I ntelligence Techniques  
_____________________________________________________________________________________________________ 
 
Figure 7 .4  Mean- square error  perform ance of the BPNN 
 
Figure 7 .5  BPNN t raining result  
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The factor that  is considered best  for  evaluat ing the perform ance of the network is the 
correlat ion coefficient  of each of the various phases of t raining, validat ion and test ing. 
Figure 7.6 shows the regression plots of t he various phases:  t raining, test ing and 
validat ion. I t  can be seen that  the best  linear fit  very closely m atches the ideal case with 
an overall correlat ion coefficient  of 0.9999. 
 
Figure 7 .6  Regression plots of various phases of learning of the BPNN  
7 .4  Est im at ion of detect ion threshold 
To confirm  the m odels perform ance, the 2nd dataset  is em ployed as the input  and output  
of the m odels developed from  the 1st  set . To m easure the qualit y of the m odels in fit t ing 
to the second data and to detect  abnorm alit ies from  new datasets, a threshold is To 
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confirm  the m odels perform ance, the second dataset  was used as input  and output  of the 
m odels developed from  the first  data set  ( for Gear07) .  As in Chapter 6, Sect ion 6.5, the 
threshold (Dth)  was defined as three t im es of the root  m ean square value of the 
differences between the m easured real current  and the m odel predicted current .  
��ℎ = 3�1�∑ (��� − ���)2��=1                                                                 (7.3)  
Where:  the sym bols have their previous m eaning.  
7 .4 .1  BPNN evaluat ion 
For reliable detect ion, t he second half of the dataset  is used to calculate the interval. 
Figure 7.7 shows the m odel verificat ion results which were calculated using the second 
part  of the baseline data. The two horizontal dashed lines in the Figure are the upper and 
lower detect ion thresholds (Dth)  respect ively.  I t  can be seen that  m ost  of the errors, 
obtained by subt ract ion of predicted and m easured current  values, are within the 
designated threshold, which indicates that  the m odel fit s the data well. However, there 
are several data points which exceed the threshold. Careful exam inat ion shows that  
these data points occur because of out liers arising during load t ransient  periods when 
tem perature m easurem ents have delayed responses to current  increases.  
 
Figure 7 .7  BPNN Model ver ificat ion by 2 nd part  of data  from  Gear 0 7  
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7 .5  Fault  Detect ion and discussion 
7 .5 .1  Fault  Detect ion for Gear0 8  using BPNN 
Figure 7.8 shows the m odel predict ion against  with m easurem ent  results for Gear 08 with 
50%  tooth breakage. I t  can be seen from  the t races in the upper part  of the Figure that  
there are significant  differences between predicted and m easured currents. The plot  of 
the residual in the lower part  of the figure shows clearly that  m any data points exceed 
the thresholds with m any large differences between the two values. indicat ing there a 
fault  in Gear08. 
 
Figure 7 .8  Evaluat ion of BPNN results for  Gear0 8  –  5 0 %  tooth breakage  
7 .5 .2  Fault  Detect ion on Gear0 9  using BPNN 
Figure 7.9 shows the m odel predict ion against  with m easurem ent  results for Gear 09 with 
75%  tooth breakage. Once again it  can be seen from  the t races in the upper part  of the 
figure that  there are significant  differences between predicted and m easured values. The 
plot  of the residual in the lower part  of the figure again shows clear ly that  m any data 
points exceed the thresholds with m any large differences between the two values, 
indicat ing there a fault  in Gear09.  
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When com paring Figures 7.8 and 7.9 it  can be seen that  overall am plitudes of the errors 
are higher for Gear09 and show that  this gear has a m ore severe fault  than Gear08. 
 
Figure 7 .9  Evaluat ion of BPNN results for  Gear0 9  –  7 5 %  tooth breakage  
 
7 .6  sum m ary  
This chapter has dem onst rated that  a BPNN can be used with the stat ic dataset  of m otor 
operat ion, m ainly m easurem ents from  the Cont roller as described in Sect ion 4.4, t o 
effect ively detect  a m echanical fault  in a gearbox t ransm ission system . In this case the 
fault  was a broken tooth on a pinion gear. The m odel developed com pares baseline data 
captured from  one gear with m easured data from  a second gear to determ ine non- linear 
connect ions between AC current  (arm ature current ) ,  load set t ing and gearbox 
tem perature.  
The sim ulat ion results show that  the BPNN m odels are accurate and reliable est im ators of 
com plex gearbox processes, and it  dem onst rates the effect iveness of the proposed 
m ethods for detect ing tooth faults in a two stage gearbox using m otor operat ing 
param eters. 






















Residual gear No. 09
-  130 -  
DEGREE OF DOCTOR OF PHILOSOPHY (PHD) 






CHAPTER 8 : GEARBOX FAULT DETECTI ON USI NG STATI C DATA AND 
AN ADAPTI VE NEURO- FUZZY I NFERENCE SYSTEM 
This chapter presents the results obtained from  m onitoring a faulty gearbox using an 
adapt ive neuro- fuzzy inference system  (ANFIS)  to capture the nonlinear connect ions 
between the elect r ical m otor current  and cont rol param eters such as load set t ings and 
tem peratures. The predicted values generated by ANFIS m odel are then com pared with the 
m easured values to indicate the abnorm al condit ion in gearbox. 
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8 .1  Adapt ive Neuro- Fuzzy I nference System  ( ANFI S)  
ANFIS had gained popularit y over other t echniques due to it s knowledge ext ract ion 
abilit ies, dom ain part it ioning, rule st ructuring and capacity of m odificat ion [ 154] . The 
ANN has the capabilit y of m otor m onitoring and fault  detect ion cheaply and reliably. 
However, it  does not  provide heurist ic reasoning about  the fault  detect ion process. On 
the other hand, fuzzy logic can easily provide heurist ic reasoning, while finding the 
provision of exact  solut ions difficult . By m erging the posit ive features of ANN and fuzzy 
logic, a sim ple non- invasive fault  detect ion technique has been developed [ 155] . By 
using a hybrid, supervised learning algorithm , ANFIS can const ruct  an input-output  m ap. 
The supervised learning (gradient  descent )  algorithm  is used to t rain the weights to 
m inim ize the errors. 
An ANFIS, as it s nam e im plies, is a network st ructure consist ing of nodes and direct ional 
links through which the nodes are connected. Moreover, part  or all of the nodes are 
adapt ive, which m eans the outputs of the ANFIS st ructure depends on the weights 
connected to the nodes, and the gradient  descent  learning rule specifies how these 
param eters should be changed to m inim ize a prescribed error m easure. 
 
8 .2  ANFI S Architecture  
ANFIS architecture consists of five layers in which the first  and the fourth layers are 
adapt ive nodes and the rem aining layers are fixed nodes. The adapt ive nodes are 
associated with their respect ive param eters, get  duly updated with each subsequent  
iterat ion while the fixed nodes are devoid of any param eters [ 156] , [ 157] , [ 158] . This 
system  contains two inputs, x  and y  and one output  f which is associated with the 
following rules:  
Rule 1:  I f (x  is A1)  and (y  is B1)  then ( f1 =  p1x  +  q1y  +  r1)  
Rule 2:  I f (x  is A2)  and (y  is B2)  then ( f2 =  p2x  +  q2y  +  r2)  
Where:   
x  and y  are the inputs,  
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Ai,  Bi and f i are fuzzy sets and system s output  respect ively, and  
p i,  q i and r i are the design param eters that  are determ ined during the t raining process.  
The ANFIS architecture to im plem ent  these two rules is shown in Figure 8.1, in which a 




Figure 8 .1  Architecture of ANFI S 
Layer 1 -  fuzzificat ion layer:   every node in this layer is an adapt ive node. The outputs of 
layer 1 are the fuzzy m em bership grade of the inputs, which are given by:  
 ��1  =  ���  (�); � = 1,2                                                                      (8.1)  ��1  =  ���−2 (�); � = 3, 4                                                                       (8.2)  
Where:   
x  and y  are the inputs to node i,   
A is a linguist ic label ( sm all, large)  (what  is B?) , and 
μAi (x) , μBi-2(y)  can adopt  any fuzzy m em bership funct ion.  
Usually we choose μAi(x )  to be bell- shaped with m axim um  equal to 1 and m inim um  equal 
to 0, such as:  
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Here (a i,  b i and ci)  are the param eters of the m em bership funct ion and are referred to as 
prem ise param eters.     
Layer 2 -  rule layer:  consists of fixed nodes ( labelled, M in Figure 8.1)  whose output  is 
the product  of all the incom ing signals. The outputs of this layer can be represented as:  
 
 Oi2  = wi  = ���  (�). ���  (�); i = 1, 2                                                       (8.4)                      
Layer 3 -  norm alizat ion layer:  consists of fixed nodes ( labelled, n in Figure 8.1) . The 
outputs of this layer can be represented as:  
  Oi3  = w� i = wi(w1  +w2)                                                                        (8.5)        
Layer 4 -  defuzzificat ion layer:  every node in this layer is an adapt ive node with the 
output  of each node the product  of the norm alized firing st rength and a first  order 
polynom ial.  
Oi4 =  w� i��  = w� i (pi� +  qiy +  ri)                                                       (8.6)  
Where:  
w� i Output  of the layer 3, and 
pi, qi and r i are param eter set .  
Layer 5 -  sum m at ion neuron:  a fixed node which com putes the overall output  as the 
sum m at ion of all incoming signals.  
Oi5 =  ∑ ��� �� = ∑ ���� ∑ ���⁄�                                                              (8.7)  
8 .2 .1  Learning algor ithm  for ANFI S  
As stated above, both the prem ise (non- linear)  and consequent  ( linear)  param eters of 
the ANFIS should be tuned, ut ilizing the so-called learning process, t o opt im ally 
represent  the actual m athem at ical relat ionship between the input  space and output  
space.  
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Norm ally, as a first  step, an approxim ate fuzzy m odel is first  used by the system  and 
then im proved through an iterat ive adapt ive learning process. ANFIS takes this init ial 
fuzzy m odel and tunes it  by m eans of a hybr id technique com bining gradient  descent  
back propagat ion and m ean least -squares opt im izat ion algorithm s (see Figure 8.2) . For 
each epoch, an error m easure, usually defined as the sum  of the square of the difference 
between actual and desired output , is reduced.  
Training stops when either the predefined epoch num ber or error rate is obtained. There 
are two passes in the hybrid learning procedure for  ANFIS. I n the forward pass of the 
hybrid learning algorithm , funct ional signals go forward t ill layer 4 and the consequent  
param eters are ident ified by the least  squares est im ate. I n the backward pass, the error 
rates propagate backward and the prem ise param eters are updated using gradient  
descent  [ 135] .  
 













Figure  8 .2  ANFI S learning using hybrid technique  
8 .3  Data Character ist ics 
 Data are as described in Chapter 6, Sect ion 6.3. (For m ore inform at ion and figures see 
















Forw ard pass 
Backw ard 
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8 .4  Model Developm ent   
As with GRNN and BPNN the ANFIS m odel was developed using the baseline datasets 
from  Gear07. The m odel has two inputs:  tem perature and load set  points and one 
output :  AC current . For each input , a bell shape is chosen for each m em bership funct ion 
(MF)  and the num ber of MFs is 2. To t rain the ANFIS m odel, the sam e 2088 data sam ples 
from  Gear07 as used previously were again divided into two equal subsets:  one for  
ANFIS m odel t raining and the other for m odel verificat ion. The convergence of root  m ean 
squared error (RMSE)  was used to evaluate the learning process. When the rate of 
decrease of the RMSE was no longer significant , the learning process was term inated.  
Through the learning process, the param eters of the MFs are autom at ically adjusted in 
order that  the outputs of the ANFIS m odel m atch the actual values in the t raining data. 
I n this study, after execut ing 300 epochs, all RMSEs of the outputs reached the 
convergent  stage, see Figure 8.3. 
The init ial shapes of the MFs and their changes after  learning are show in Figure 8.4. I t  
can be seen that  the degree of m em bership changed significant ly to m atch the outputs of 
the m odel with the m easured values in the t raining set .  
The result  of the t raining process is presented in Figure 8.5. Obviously, the outputs of 
ANFIS m odel are very close to the m easured values, which indicate that  ANFIS m odel 
has been well t rained.  
 
Figure 8 .3  The netw ork RMSE convergence curve 
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Figure 8 .4  Bell shaped MFs a)  I n it ial,  b)  Final 
 
Figure 8 .5  Training results 
 
8 .5  Model evaluat ion and detect ion threshold.  
To confirm  the m odel perform ance, the second dataset  from  Gear07 was used as the 
input  and output  of the m odel developed from  the first  set , see Sect ion 6.5. Again, as 
previously, to m easure the qualit y of the m odel in fit t ing the second data and to detect  
abnorm alit ies from  new datasets, the root  m ean square error (RMSE)  was used, where:  
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Again, the threshold (Dth)  was used as a criter ion for accept ing the test  results, where:  
three t im es of RMS.                
Figure 8.6 shows m odel verificat ion results which are calculated using the m odel using 
the second part  of data from  Gear07.  
I n Figure 8.6 (b) , the two horizontal dashed lines are the upper and lower detect ion 
thresholds respect ively.  I t  can be seen that  m ost  of the errors obtained by a subt ract ion 
between predicted and m easured values, are well within the threshold, which indicates 
that  the m odel fit s the m easured data well. On the other hand it  also indicates that  the 
data reflect ing the process is healthy. 
However, som e data points do exceed the threshold. The sam e explanat ion is proposed 
for this as previously, out liers arise from  load t ransients when there are changes in 
current  and the tem perature takes a lit t le while to reach equilibrium . The m odel is 
sufficient ly accurate to use for fault  detect ion using new data from  other two gear sets. 
 
Figure 8 .6  The test  result  for ANFI S m odel,  a)  Measured and predicted results,               
b)  Residual  
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8 .6  Fault  Detect ion and Discussions 
8 .6 .1  Fault  detect ion on Gear0 8  
Figure 8.7 (a)  presents the m easured current  for  Gear08 with 50%  tooth breakage and 
predicted current  for  a relat ively healthy gear.  I t  can be seen in the upper panel of the 
figure that  the t race for the predicted current  has significant  differences from  the t race 
for  the m easured current . The lower panel, Figure 8.7 (b)  shows the residual data which 
shows the differences between the two currents m ore clearly. I t  can be seen that  the 
value of Dth exceeds the prescribed threshold on a num ber of occasions from  which the 
observer can conclude there is a fault  in Gear08 over and above any fault  present  in 
Gear07. 
 
Figure 8 .7  a)  Measured and predicted current  of Gear0 8  –  5 0 %  tooth breakage, b)  
The residual 
8 .6 .2  Fault  detect ion on Gear0 9 .  
The ANFIS m odel was used for  fault  detect ion with Gear09 with 75%  tooth breakage and 
Figure 8.8 (a)  shows the m easured and predicted currents. I t  can be seen clearly that  the 
predicted and m easured currents have large differences. The plot  of residual values 
presented in Figure 8.8 (b)  shows m any points which exceed the prescr ibed threshold.  
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Com parisons of the residuals show that  the overall am plitudes of the errors for Gear09 




Figure 8 .8  a)  Measured and predicted currents of Gear0 9  -  7 5 %  tooth breakage,               
b)  The residual 
8 .7  Com par isons of three m ethods 
I n order t o appraise the efficacy of three proposed m odels so that  the best  for  indust r ial 
applicat ions of fault  diagnosis can be discerned, a com parat ive study was perform ed. This 
sect ion report s the results in three parts:  the accuracy of the detect ion results, the 
detect ion perform ance and the t im e consum ed in the t raining process. 
8 .7 .1  Com parison of t ra ining t im e 
The t raining t im e for  gear-07 of GRNN, BPNN, and ANFIS is shown in Figure 8.9 and 
Table 8.1. For the networks to converge using the sam e t raining set  and chosen 
param eters, it  can be seen that  GRNN achieved the shortest  t raining t im e of 0.2028s, 
whilst  BPNN and ANFI S took, respect ively, 3.51s and 4.0092s. The param eters as 
m ent ioned in Chapter 7 and 8 are 20 nodes (num ber of iterat ions required for the 
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t raining process) , 3 network layers, and 1000 epochs for the BPNN m odel;  2 m em bership 
funct ions and 300 epochs for the ANFIS m odel. The t raining t im e of these m odels will 
increase significant ly if these param eters increase. On the other hand, the t raining t im e 
also increases if the m odels are t rained using a large t raining set . Obviously, shorter 
t raining t im es are of considerable im portance from  the applicat ion point  of view. From  
the results in this study, GRNN is a superior t o BPNN and ANFIS in t raining t im e. 
 
Figure 8 .9  The t raining t im e of the three m odels 
 
Table 8 .1  : The t ra ining t im e 
Method Training t im e ( s)  Difference (s)  
GRNN 0.2028 0 
BPNN 3.5100 3.3072 
ANFIS 4.0092 3.8064 
 
 8 .7 .2  Com par ison of the m odel accuracy  
The GRNN is the fastest  learning m odel. However, it  is necessary to exam ine the 
accuracy of the m odels and their residuals used for  fault  detect ion. Figure 8.10 shows the 
residuals of different  m odels for the gear-07. I t  can be seen that  all the predict ion points 
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the residuals. I n other words, the zero line divides the residuals into two roughly 
sym m et rical parts indicat ing that  the m odels describe the test  data well. 
As shown in Fig. 8.10, the residual values of ANFIS are very close to the zero in 
com parison with those of GRNN and BPNN. In case of BPNN, several residual points fall 
far from  the line through zero. This also occurs in GRNN residual. However, the distances 
from  the residual values to zero of GRNN are sm aller than those of BPNN. Addit ionally, 
the residual variat ion of GRNN and BPNN is larger than that  of ANFIS.  
 
Figure 8 .1 0  The residuals of the m odels for  gear- 0 7  
The com parat ive study further carries out  by invest igat ing the m ean and standard 
deviat ion (STD)  of the m odel residuals which are shown in Table 8.2. The best  m odel 
gives m inim um  results of m ean and STD for gear-07. Hence, the m ean and STD residual 
values of ANFIS m odel are sm allest  which indicates that  ANFIS m odel can give the 
highest  accuracy.  
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Table 8 .2  : The m ean and STD of residuals for different  m odels 
Gear No Mean STD 
GRNN BPNN ANFIS GRNN BPNN ANFIS 
G07baseline 0.0054 -9.6203e-005 0.0017 0.0653 0.0515 0.0388 
8 .7 .3  Com parison of the m odel detect ion perform ance. 
To exam ine the m odels residuals used for  fault  detect ion. The residuals of ANFIS, GRNN, 
and BPNN are depicted in Figure 8.11 for gear-08 (50%  tooth fracture)  . I t  can be seen 
that , the residual values of ANFIS are very sm all in com parison with those of GRNN and 
BPNN. In case of BPNN, several residual points fall far from  the line through zero, 
especially for the first  500 data points. This also occurs in GRNN residual. However, the 
distances from  the residual values to zero of GRNN are sm aller than those of BPNN. 
Addit ionally, the residual variat ion of GRNN and BPNN is larger than that  of ANFIS, which 
indicates that  BPNN m odel can give the highest  perform ance.  
 
Figure 8 .1 1  The residuals of the m odels for  gear- 0 8  
Sim ilarly, the residuals of ANFIS, GRNN, and BPNN are depicted in Figure 8.12 for gear-
09 (75%  tooth fracture)  I t  can be observed that  the m agnitudes of both BPNN and GRNN 
residuals are m uch bigger than those of ANFIS. From  the figure it  can also be seen that  
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the m agnitude of the residuals for  the BPNN are generally m ore than those for the GRNN. 
These can be confirm ed by exam ining the residual ranges of the m odels presented in 
Table 8.3. From  this table, the m axim um / minimum  values of BPNN residual are of 
0.7867/ -1.2209 for the gear-08 and 1.6305/ -1.5430 for the gear-09, which indicates 
that  the residual ranges for these gears are of 2.0076 and 3.1735. These values are 
significant  big com pared to the residual ranges of GRNN (0.8045 for  the gear-08 and 
1.2126 for the gear-09)  and ANFIS (0.6208 and 1.0478 for the gear-08 and gear-09, 
respect ively) .  
 
Figure 8 .1 2  the residuals of m odels for gear- 0 9  
Table 8 .3  : The residual ranges of the m odels 
Gear No GRNN BPNN ANFIS 
Min Max Min Max Min Max 
G08/ 50%  -0.3493 0.4552 -1.2209 0.7867 -0.2298 0.3910 
G09/ 75%  -0.8203 0.3923 -1.5430 1.6305 -0.6431 0.4047 
 
The com parat ive study further carries out  by invest igat ing the m ean and standard 
deviat ion (STD)  of the m odel residuals which are shown in Table 8.4. For all the gear 
data, the m ean and STD residual values of BPNN m odel are biggest . Largest  the m ean 
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and STD residual values for  gears 08 and 09 m eans that  m odel is m ost  sensit ive to 
changes in the level of fault  in the gear, which indicates that  BPNN m odel can give the 
highest  sensit ivit y to the presence of a fault . 
Table 8 .4  : The residual m ean and STD of the m odels 
Gear No Mean ( residual)  STD ( residual)  
GRNN BPNN ANFIS GRNN BPNN ANFIS 
G08/ 50%  0.0550 0.0766 0.0471 0.1406 0.1912 0.1303 
G09/ 75%  0.0485 0.1581 0.0614 0.1103 0.4096 0.1254 
 
Exam ining the accuracy in the test ing processes, it  is concluded that  ANFIS is the best  
m odel if the t raining t im e is not  an im portant  m at ter.  However, GRNN is an acceptable 
alternat ive m odel if a short  t raining t im e is required.  
Exam ining the m odels residuals used for fault  detect ion in the test ing processes, it  is 
concluded that  BPNN is the best  m odel give the highest  sensit ivit y to the presence of a 
fault . 
8 .8  Sum m ary 
This chapter has dem onst rated that  an Adapt ive Neuro-Fuzzy Inference System  can be 
used with the stat ic dataset  of m otor operat ion, m ainly m easurem ents from  the 
Cont roller as described in Sect ion 4.5, to effect ively detect  a m echanical fault  in a 
gearbox t ransm ission system . In this case the fault  was a broken tooth on a pinion gear.  
The m odel developed com pares baseline data captured from  one gear with m easured 
data from  a second gear to determ ine non- linear connect ions between AC current  
(arm ature current ) , load set t ing and gearbox tem perature.  
Prelim inary test  results show that  the ANFIS based m ethod is an accurate est im ator of 
com plex gearbox processes and allows the detect ion of differences both from  a given 
baseline and between different  gear signals. I t  has been dem onst rated that  the proposed 
m ethod is capable of detect ing tooth faults in a two stage gearbox using m otor operat ing 
param eters. 
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I n com parison between the proposed techniques, the BPNN m odel provided bet ter  fault  
detect ion perform ance;  ANFIS is the best  m odel gives the highest  accuracy and GRNN is 
a superior to BPNN and ANFIS in t raining t im e. 
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 CHAPTER 9 : CONCLUSI ON AND FUTURE W ORK 
This chapter sum m arises the achievem ents of the research and explains how the 
object ives were m et .  I t  includes a sum m ary of the author's cont r ibut ion to knowledge 
and the novel aspects of the research work. The key results of the research work on the 
condit ion m onitoring of the helical gearbox using AI  with the aid of operator param eters 
are drawn together.  Finally, the chapter ends by recom m ending areas for future work. 
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9 .1  Sum m aries and Conclusions 
This study developed gearbox m onitoring m ethods by using the operat ing param eters 
(stat ic data)  obtained from  m achine cont rol processes rather than t radit ionally used 
param eters such as vibrat ion and acoust ic m easurem ents. I t  proposes a novel schem e 
for m onitoring rotat ing m achinery using so-called stat ic data available in m ost  indust rial 
applicat ions including arm ature current , load set , speed feedback, torque feedback, 
m otor current , and speed dem and. These param eters have been explored based on a 
gearbox test  system  in this research program m e. This research program m e developed 
and evaluated this schem e using a gearbox t ransm ission system . The test  r ig had a 
num ber of operat ing param eters including arm ature current , load set , speed feedback, 
torque feedback, m otor current , and speed dem and that  could be accessed. By 
exam ining these param eters, AI  techniques, including general regression neural networks 
(GRNN) , back propagat ion neural networks (BPNN) , and ANFIS were developed to 
describe the inter- relat ions between the param eters and to im plem ent  a m odel based 
detect ion st rategy. Then the m odel based m ethod is used to detect  a num ber of faults 
int roduced into the test  r ig. This thesis presented extensive sim ulat ion results to 
dem onst rate the effect iveness of the proposed m ethods. 
 
9 .2  Review  of the Object ives and Achievem ents 
The m ain achievem ents of this research work are described below and correlated with 
the original object ives set  out  in Chapter One. 
Object ive  1 : To present , discuss m achine condit ion m onitoring and its applicat ions to a 
gearbox. 
Achievem ent  1 : The concept  of condit ion monitoring for m achinery has been defined 
and discussed in Chapter one in Sect ion 1.1 and Chapter two in Sect ion 2.1 in term s of 
fault  detect ion and diagnosis, the im portance of t im ely m aintenance to m inim ise overall 
product  cost  and increased process profitabilit y. Chapter one sum m arized m aintenance 
st rategies and why use operat ing param eters obtained from  m achine cont rol processes 
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rather than the t radit ional m easurem ents, the aim  and object ives also providing the 
st ructure for the research. 
Object ive 2 : To describe the test  r ig facilit y and fault  sim ulat ion of a two stage helical 
gear t ransm ission, including gear types and their operat ion, their failure m odes and 
causes. 
Achievem ent  2 : The fundam entals of a two stage helical gear t ransm ission have been 
dealt  with com prehensively. A brief explanat ion of how the local fault  was sim ulated and 
how the data was collected is given in Chapter four. I n Sect ion 2.3 describes gears types 
and their operat ion, and Sect ion 2.4 explains gear failure m odes. Causes of gearbox 
failures were also reviewed in Sect ion 2.4.1.  
Object ive 3 : To review different  techniques being used for fault  detect ion and diagnosis 
in gearbox condit ion m onitoring, using vibrat ion signal and various art ificial intelligence 
based m ethods. 
Achievem ent  3 : The t im e dom ain, frequency dom ain, spect rum  and wavelet  analysis 
are the m ost  com m on CM techniques for gearbox faults detect ion and diagnosis, and 
have been int roduced and reviewed in Sect ion 2.2.1. Model-based m ethods and art ificial 
intelligence based m ethods were also reviewed in Sect ions 2.2.3 and 2.2.4 respect ively. 
Object ive  4 : To develops experim ental procedures for CM of a two stage helical gear 
t ransm ission system  pr im arily focusing on a faulty gear (pinion)  in the first  stage gear 
t ransm ission system . 
Achievem ent  4 : The test  r ig facilit y and data acquisit ion software were developed as 
detailed in Chapter four.  A two stage helical reduct ion gearbox m anufactured by David 
Brown Radicon Lim ited, shown in Figure 4.1, was selected for this study proj ect .  
A num ber of m easurem ent  t ransducers were used on the test  r ig to m onitor the 
funct ioning of the gearbox for  CM purposes. A brief explanat ion is given of how the local 
fault  was sim ulated and how the data was collected. The rig was used to invest igate the 
stat ic data and dynam ic data as described in Chapter five. As the r ig has a t ypical drive 
system , the datasets are considered representat ive for  CM pract ices. Dynam ic datasets 
were analysed to diagnose the condit ion of the gear:  healthy and faulty, using 
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convent ional signal processing techniques such as t im e dom ain and frequency dom ain 
analysis.  
The stat ic data was also analyzed by com parison to evaluate it s detect ion perform ance. 
This procedure of data collect ion and analysis allowed the researcher to gain a full 
understanding of CM datasets and paved the way for developing a m ore effect ive AI  
approach and efficient  database. Also, the test  r ig was used to provide experim ental data 
to test  the perform ance of a m odel based approach by applying it  to the detect ion and 
diagnosis of different  faults in a gearbox dataset  as it  developed, using AI  t echniques 
(Chapters six, seven and eight ) .  
Object ives 5  and 6 : To exam ine the perform ance of a m odel based condit ion 
m onitoring approach by using only operat ing param eters for  fault  detect ion in a two 
stage gearbox, and develop it  by applying different  AI  techniques. 
 Achievem ents 5  and 6 : The research confirm s that  it  is possible to use stat ic data, 
which contains m ainly m easurem ents from  the cont roller, for m onitoring m echanical 
faults in gearbox t ransm ission system s. Based on data characterist ics and future 
integrat ion requirem ents, the GRNN, BPNN and ANFIS approaches to gearbox fault  
detect ion and diagnosis have been presented for use with the stat ic dataset  of m otor 
operat ion.  
The m odels were developed using com parison between baseline data and data captured 
from  the nonlinear connect ions between AC current , load set t ing and gearbox 
tem perature. GRNN, BPNN and ANFIS m odels were t rained using the f irst  half of the data 
gathered from  gear 07 (baseline)  and the m odel was verified using the second half of the 
data. The m odels were designed to generate residuals by com paring current  
m easurem ents with previous t rained pat terns. Once a fault  has been int roduced into the 
gear the output  (current )  will change and produce a difference ( “error” )  between the 
m odel predict ion and measured value. Thus one can determ ine whether gears 08 and 09 
have m ore severe faults by finding whether residual values are greater than between 
m odel predict ions and test  m easurem ents. 
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The sim ulat ion results show that  the three m odels are accurate and reliable est im ators of 
com plex gearbox processes, and dem onst rate the effect iveness of the proposed m ethod 
for  detect ing tooth faults in a two stage gearbox using only m otor operat ing param eters. 
Object ive 7 : To carry out  a com parat ive study of three m ethods (GRNN, BPNN.ANFIS)  
to appraise the accuracy of the m odels and their residuals used for fault  detect ion. 
Achievem ent  7 : The com parat ive study exam ined the m ean and standard deviat ions of 
the residuals obtained from  gear-07 as described in Chapter 8 for exam ining the 
accuracy in the test ing processes, it  is concluded that  ANFIS is the best  m odel if the 
t raining t im e is not  an im portant  m at ter.  Exam ining the m odels residuals used for fault  
detect ion in the test ing processes, the com parat ive study exam ined the m ean and 
standard deviat ions of t he residuals obtained from  gear 08 and gear 09 as described in 
Chapter 8. For all the gear data, the m ean and STD residual values of BPNN m odel were 
the m ost  which indicates that  the BPNN m odel can give the highest  sensit ivit y to the 
presence of a fault . However, GRNN has the advantage of a shorter t raining t im e and 
acceptable accuracy. 
9 .3  Contr ibut ions to Know ledge 
• First  contr ibut ion: This thesis develops gearbox m onitoring m ethods using the 
operat ing param eters obtained from  m achine cont rol processes rather than 
t radit ional m easurem ents such as vibrat ion and acoust ics. 
• Second contr ibut ion: This research exam ines the perform ance of a m odel based 
condit ion m onitoring approach by using just  operat ing param eters for  fault  detect ion 
in a two stage gearbox.  
• Third cont ribut ion :  a m odel has been developed using ANFIS, GRNN and BPNN for 
m otor current  predict ion which determ ines the difference between predicted and 
m easured values by direct  com parison for fault  detect ion.  
• Fourth cont ribut ion: The author has suggested a novel schem e for m achine fault  
detect ion which ut ilizes cont rol param eters from  em bedded sensors and available in 
m ost  indust r ial applicat ions. An underpinning technique has been developed and 
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successfully tested. I t  has the potent ial to achieve cost  effect ive m onitoring system  
because it  is available in m ost  system s. 
9 .4  Suggest ions for Further W ork  
This work can be extended by developing and applying m ore art ificial intelligence (AI )  
techniques for fault  detect ion and diagnosis in m ore com plicated datasets. 
• Collect  m ore data from  the r ig with other faults including shaft  m isalignm ent , 
cracked shaft ,  other types of gear breakages, et c. 
• Com bine the stat ic data with feature data sets from  dynam ic data. 
• Evaluate and develop data com pression and opt im isat ion techniques such as PCA. 
• Evaluate and develop SVM techniques. 
• Evaluate and develop hybrid techniques from  neural networks, SVM and fuzzy 
analysis. 
• Evaluate and develop feature select ion and classificat ion techniques for dealing with 
sensor less drives where m ore cont rol param eters can be obtained.  
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APPENDI X ( A) : FULL TECHNI CAL SPECI FI CATI ON AND OPERATOR 
SCREENS ( DESI GN BY MARK LANE ( 2 0 1 1 )   
FULL TECHNI CAL SPECI FI CATI ON: 
Power Supply – 220-240VAC (± 10% )  single or three phase;  380-  460VAC (± 10% )  three 
phase;  (500V opt ion available) ;  Am bient  – Constant  torque rat ings – 0-45°C (40°C with 
IP40 cover) ;  Quadrat ic torque rat ings – 0-40°C (35°C with IP40 cover)  Derate from  
above tem peratures to 50°C. Max Alt itude up to 1000 m  ASL, derate 1%  per 100m  above 
1000m ;  Overload – Constant  torque rat ings – 150%  for 60 seconds, 180%  for 1 second;  
Quadrat ic torque rat ings – 115%  for 10 seconds;  Output  Frequency – 0-480Hz Switching 
Frequency – Fram e B 3,6 or 9kHz;  Fram e C, D, E and F 3 or 6kHz (all with audibly silent  
switching pat tern)  Dynam ic Braking – Fram e B and C standard;  Fram e D,E and F 
opt ional. 
The funct ion diagram  for the 690+  AC Vector drive as used in this test  r ig is given in 
Figure A.1:  
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Figure A.1  Funct ional Block Diagram  –  6 9 0  +  I nverter, Fram e C [ 3 ]  
The drive processor uses an advanced 32-bit  m icroprocessor-based m otor cont rol m odel 
and operates as a 6-pulse PWM unit  with a 3 kHz switching frequency as standard.  
• Pow er Supplies: Sw itched Mode 
Manufacturer:  Allen-Bradley 
The 1606-XLP Com pact  Power Supply was chosen due to it s com pact  size as panel space 
is at  a prem ium  in the test  r ig enclosure. These devices are equipped with m any of the 
sam e features and cert ificat ions as the XL devices, and support  low-power applicat ions. 
This power supply provides a cost -effect ive way to save space while delivering safe and 
reliable power. 
Advantages 
− Rated outputs between 15…100 W (0.6…4.2 A at  24V DC) . 
− Mult iple output  voltages available. 
− Mult iple single and three-phase inputs available for global applicat ions. 
− Sm aller, cost -effect ive solut ion for low power applicat ions. 
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• Allen Bradley 1 4 0 M- C2 E- B6 3  Starter Motor  Protector: 
This is a 3-pole, 575 Volt  Max. Motor protector with an adjustable current  range of 4-
6.3A. I t  is used to protect  the DC m otor cooling fan m otor against  stalling and over 
current  condit ions. There is an auxiliary contact  fit ted to this device that  will stop the test  
r ig from  operat ing should the cooling fan t r ip. This will protect  against  dam age to the DC 
m otor caused by therm al effects.  
The specificat ion of this device is detailed below:  
− I solator Module for Motor Protect ion Circuit  Breakers. 
− I solates the load for highest  safet y of equipm ent  and staff.  
− Prevents unauthorized reconnect ion of power. 
− Padlock capabilit y. 
− I deal for  prevent ive m aintenance /  plant  shut  downs. 
− Perm its test ing of circuit  breakers and auxiliaries while disconnected. 
• Motor Starter,  Allen Bradley 1 0 0 - C0 9 * 1 0  
This is the m otor starter ( referred to also as a contactor)  used to operate the DC m otor  
3-phase cooling fan. Features of this unit  are:  
− AC and DC coil control. 
− Com m on accessories with other 100-C contactors. 
− IP2X finger protect ion. 
− Provisions for  adding two conductors per term inal. 
− Meets I EC, CE, UL, and CSA standard requirem ents. 
• Route co Transform er 
The t ransform er rat ing is calculated according to the load requirem ents of the equipm ent  
contained in the cont rol panel. A t ransform er is required to bring the line- to- line voltage 
of 415VAC down to 110VAC for use by com ponents such as the 24VDC power supply and 
DC m otor cooling fan contactor.   
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• DC Motor arm ature  current  t ransform er  
I n order to give indicat ion to the operator of the r ig how m uch arm ature current  the DC 
m otor is dissipat ing into the resistor bank, a current  t ransform er will be fit ted into one 
leg of the DC m otor arm ature connect ions. This will convert  the 0 – 200A current  into a 
0-10VDC signal that  can be fed into an indicator on the panel. The specificat ion of the 
current  t ransform er was chosen so that  the range can be changed by altering jum pers on 
the unit  to give m ore resolut ion if the full range of m easured current  is not  used. 
TECHNICAL SPECIFI CATI ON:  
Manufacturer:  LEM   
Type:  DC Current  t ransform er 
Part  # : DK200-B10    
Power supply:  24VDC   
Output  signal:  0 – 10VDC 
Jum per range:   Norm al -  100A      
Mid -150A   
High -200A 
The set t ing was left  on HI GH, to ut ilise the full range of the current  t ransform er and to 
m atch the panel m eter scaling that  will indicate 200A with a 10V supply input . I f bet ter 
resolut ion is required at  a later date, then a new panel m eter with a lower scaling will 
need to be ordered instead. 
• DC Motor protection 
Because the DC m otor is act ing as a generator,  circuit  protect ion in the arm ature circuit  
m ust  be provided. This is to protect  against  severe dam age both to the DC m otor and 
potent ially personnel working close by should the resistor bank short -circuit  or  develop a 
fault . The type of fuse chosen for  this purpose is a high-speed sem iconductor fuse that  
has a fast -act ing rupture t im e. These are com m only used in DC drive applicat ions to 
protect  the sem iconductor devices in the drive, but  their use here will ensure a fast  
disconnect ion of fault  current  with a potent ial clearing current  of 22kA at  700V ( the 
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clearing current  will be m uch higher for our lower- voltage m otor)  so we can be sure of 
safe and reliable fault  disconnect ion. 
Type:   FWP-200A  
Descript ion:  Fuse link DC 200A 
Manufacturer:  Cooper Buss m ann  
Fuse carrier:  BH1133. 
PLC Hardw are com ponents [ 1 3 7 ]  
Design by Mark Lane (2011)   
PLC I nputs 
The PLC inputs are defined as follows in Table A.1:  
Table A.1  : PLC External I nputs 
 
PLC Outputs 
The PLC outputs are defined as follows in Table A.2:  
Type: Descr ipt ion Funct ion /  Scaling 
Analogue Speed feedback from  AC 
inverter 
0 – 10V =  0 to 100%  calibrated speed 
Analogue DC Motor field cont roller  
feedback 
0 – 10V =  0 to 4.7A Field current  
Analogue Current  feedback from  
AC inverter 
0 – 10V =  0 to 100%  calibrated speed 
Analogue DC Motor arm ature 
current  feedback from  
current  t ransform er 
0 – 10V =  0 to 207A (m axim um  
arm ature current )  
Digital DC Field cont roller health 1 – Cont roller healthy 
Digital AC Inverter health 1 – Inverter healthy 
Digital AC Inverter at  zero speed 1 – Motor at  zero speed 
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Figure A.2  Test  r ig control panel inter ior  
Type: Descr ipt ion Funct ion /  Scaling 
Analogue Speed set  point  to AC 
inverter 
Cont rol speed of AC m otor according to 
the program  dem ands 
0 – 10V =  0 to 100%  calibrated speed 
Analogue Load set  point  to DC field 
cont roller  
Vary the AC m otor load dem and 
according to the program  dem ands 
0 – 10V =  0 to 100%  calibrated load 
Digital AC drive start  0 – Stop AC Drive 
1 – Start  AC Drive 
AC integrator  
6 9 0  Series 
Routeco I sola t ion 





PLC Hardw are 
com ponents 
Sw itchs 
Pow er Supply  
Electr ical 
Contactor  
Star ter  Overload 
Protect ion  
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Operator  screens (Design by Mark Lane (2011)  [ 137] . 
The operator screens have been writ ten on a Siem ens TP177A unit  that  interfaces to the 
S7-200 PLC via. a PPI  connect ion (Point - to-Point  I nterface)  that  handles all of the data 
t ransfer between screen and PLC. The operat ion of the protocol is invisible to the 
program m er – the t ransfer of data values to and from  the PLC is perform ed autom at ically 
and no com m unicat ions rout ine is required. 
Main operator screen 
This screen is the m ain screen used to operate the test  r ig once all of the param eters 
have been set -up. Auto or Manual running m odes can be selected from  this screen. 
Autom at ic m ode runs the test  r ig according to data set  up in the ‘Recipe Screens’. The 
speed and load set  points are run from  one value to another autom at ically and an opt ion 
is provided to ‘Repeat ’ the test  r ig operat ion cont inuously. Manual m ode allows a set  
speed and load to be run on the test  r ig for  general operat ion. 
 
 
Figure A.3  Main Operator  Screen 
This screen can be left  at  any t im e that  the test  r ig is running without  affect ing 
operat ion. All the DC m otor status inform at ion is on the left  of the screen. The load of the 
DC m otor can be set  here if the test  r ig is in m anual m ode, otherwise the load set t ing 
Step no 




field Current  
DC Motor 
load set  
point  out  
Autom at ic 
operat ing 
m ode 
Go to system  
set t ings Text  list  
showing 
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that  is being sent  to t he DC m otor from  the auto sequence is shown. Other useful 
inform at ion is the total t im e that  has been set  for the load test  to run and what  step 
sequence is current ly in operat ion.  
The AC m otor inform at ion is on the r ight  of the screen. AC m otor speed can be set  here 
in m anual m ode and the actual m otor speed and load percentage value can be viewed as 
well. At  the bot tom  m iddle of the screen is a t ext  list  showing the test  r ig status. I f the 
test  r ig is not  responding to user input , it  is useful to check this to see which user step 
the test  r ig is wait ing for if it  cannot  be operated for whatever reason. 
Select ing Auto or Manual m ode is perform ed by pressing the toggle but ton in the m iddle-
bot tom  of the screen. By default , the test  r ig always starts-up in Autom at ic m ode. 
Autom at ic m ode –  Single  Cycle: 
‘Start ’ and ‘Stop’ pushbut tons for this m ode are at  the bot tom - left  of the screen. The 
‘Start ’ pushbut ton will only be shown once the num ber of steps required has been 
entered, all of the sequence step data has been filled in and the ‘Finish’ key pressed on 
this page. The test  r ig can be stopped at  any t im e by pressing ‘Stop’. The autom at ic 
m ode can either operate as a single-step ( runs through all steps and speeds then stops)  
or cont inuously where after  the last  step has finished, the test  r ig will start  again from  
step 1 without  stopping. 
To switch m odes, use the toggle but ton to select  “Run Once”  or “Repeat ” .  
Manual m ode:  
Manual m ode operat ion keys are at  the bot tom - right  of the screen. These are only shown 
if the test  r ig is in m anual m ode. “Start ”  and “Stop”  but tons cont rol the test  r ig. 
The speed and load set  point  displays on the screen now change to input  values so the 
operator can m anually alter the values. A ram p t im e of 10 seconds is autom at ically 
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Set - up Screen 
This screen lets the operator input  the required num ber of speed values and load values 
to be run in sequence on the test  r ig. Once the num ber of steps has been entered, 











Figure A.4  (  Set - up)  Screen 
To allow t rending of values to assist  with diagnost ics, a t rend screen is included on the 
display. Press the ‘Trending’ but ton to open the t rend screen. 
Recipe Screen 
This screen is repeated 4 t im es for ent ry of up to 20 recipe steps for each of the load and 
speed sequences. Only the num ber of steps that  were entered on the previous page will 
be shown, if the num ber of steps is lower than the step num bers shown on-screen, then 
blanks will be displayed on-screen. Once recipe ent ry is com plete, pressing ‘Finish’ will 
return to the m ain Operator Screen. 
 
 
Num ber of speed 
steps required 
Num ber of load 
steps required 
Accepts values and 




Go back to 
‘Operator Screen’ 
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Figure A.5  (  Recipe Screen 1 )  
Trend screen 
The t rend screen is configured to show the following values in a cont inuous display with 
an update rate of 1 second. The t rend screen is shown below:  
 
  
Figure A.6  Trending Display Screen 
This display is not  intended to be used for accurate m easurem ents, but  as a general 




Load sect ion 
follows the same 
layout  as for the 
speed steps 
 
I f there are no m ore than 5 
steps press this but ton to 
finish and return to operator 
 
Ram p t im e 
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0 – 100%  
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speed 
Go to 
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I f there are m ore than 5 
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6-10)  
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